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This dissertation focuses on teachers’ comprehension of student progress graphs 
from a progress-monitoring system called curriculum-based measurement (CBM). In 
Dutch, CBM is referred to as “continue voortgangsmonitoring” (CVM). CBM is a system 
designed for teachers to use to track the progress of students with learning diffi  culties 
and to evaluate the eff ectiveness of instruction for those students (Deno, 1985, 2003). 
CBM involves frequent administration (1-2 times weekly) of brief measures (1-3 min) 
that sample student performance in an academic area such as reading. The scores on 
these measures are placed on graphs that display student progress over time. The CBM 
progress graphs display baseline data for the student and peers, a long-range goal 
representing the desired level of performance at the end of the school year, a goal line 
that extends from the baseline to the long-range goal, data points representing the 
student’s scores on CBM measures, and slope lines representing the student’s growth or 
progress within various instructional phases (see Figure 1.1, for a sample graph). 
Figure 1.1. Sample of a CBM progress graph. For illustrative purposes, labels and arrows are 
depicted on this sample graph.
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When implementing CBM, teachers inspect the progress graphs frequently to judge 
whether the instructional program is effective for the student and use the data to make 
instructional decisions. Thus, if the student’s progress is less than expected – that is, if 
the slope line is less steep than and/or is below the goal line (see Figure 1.1, instruction 
phase 1 and 2) – the teacher changes the instruction. If the student’s progress is greater 
than expected – that is, if the slope line is steeper than and above the goal line (see 
Figure 1.1, instruction phase 3) – the teacher raises the long-range goal. The teacher 
then continues to monitor the student’s progress to determine the effect of the change. 
This cycle of “instruct – evaluate – change instruction or raise goal – evaluate” is used 
to systematically build effective educational programs for students with learning 
difficulties.
Research on CBM demonstrates that (1) when teachers use CBM to monitor student 
progress and respond to the data with instructional and goal changes, student 
performance improves, but that (2) teachers often do not respond to the data (see 
Stecker, Fuchs, & Fuchs, 2005, for a review); that is, teachers often collect the data but 
do not make instructional decisions based on the data. Teachers’ non-use of the data 
for instructional decision-making is not unique to CBM, but has been noted in other 
formative assessment systems as well (e.g., Black & Wiliam, 2005; Mandinach, 2012), 
suggesting that data-based decision-making is challenging for teachers. Yet, within 
CBM, little research has been done to explore the reasons for teachers’ non-use of the 
data for instructional decision-making.
There are likely multiple reasons for teachers’ non-use of CBM data, for example, 
teachers may not know how or what to change in their instructional programs (Stecker 
et al., 2005) or they may not believe that CBM data reflect student progress (Foegen, 
Espin, Allinder, & Markell, 2001). however, one potential reason that has received little 
to no consideration in the CBM literature is teachers’ ability to understand, read, and 
interpret – in other words to “comprehend” – the CBM progress graphs. If teachers do 
not accurately read and interpret the CBM progress graphs, they will not respond to the 
data with instructional changes when necessary. This dissertation examines teachers’ 
ability to read and interpret – to comprehend – CBM progress graphs.
outline of the dissertation 
The research presented in this dissertation had two specific goals. The first was to 
deepen and extend our knowledge about teachers’ comprehension of CBM progress 
graphs and the second was to examine methods for improving teachers’ comprehension 
of CBM progress graphs. The dissertation includes six chapters (including this general 
introduction). Chapter 2 illustrates how CBM can be used within educational settings, 







 1with the use of CBM for data-based decision-making. Although CBM is widely known 
in the United States, it is relatively new in the Netherlands. Chapter 2 provides the 
background information necessary to understand the studies in the subsequent 
chapters. 
In Chapters 3 and 4, the focus turns to teachers’ comprehension of CBM progress 
graphs. Using think-aloud and eye-tracking methodologies, we examined how teachers 
described (Chapter 3) and visually inspected (Chapter 4) CBM progress graphs. In 
Chapter 5, the focus shifts to examining methods for improving teachers’ CBM graph 
comprehension. Via a randomized control study, we compared the effectiveness of 
three instructional approaches for improving teachers’ CBM graph comprehension. In 
the final chapter, Chapter 6, the main findings of the studies described in chapters 3, 4, 
and 5 are summarized, integrated and discussed, and, then, limitations of the research 
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baCKground on CurriCuLuM-based MeasureMenT:  
ConTeXT, researCH, and CHaLLenges
To illustrate how curriculum-based measurement (CBM) can be used within educational 
settings, we begin this chapter with a case study of a teacher (Mr. Kees) and a student 
with reading difficulties (Sander). CBM is built upon a problem-solving approach to 
addressing the needs of students with learning difficulties. We return to the concept of 
problem solving following the case study.
Case study: Mr. Kees and sander
Mr. Kees is a 4th-grade (groep 6) teacher. One of his students, Sander, is having 
difficulty with reading. Sander’s reading scores on a national, standardized progress-
monitoring test (the “Cito LVS-toets”) are far below those of his peers. Sander 
reads slowly and haltingly, has difficulty sounding out words, and does not always 
understand what he reads. Sander does not like to read. he never volunteers to read 
in class and he does not read at home unless he has to. During independent reading 
time (the time when students read silently from books of their own choosing), Mr. 
Kees gives Sander extra instruction. however, based on Sander’s scores on the 
Cito LVS-toets and on his in-class reading assignments, the extra instruction is not 
enough to improve Sander’s reading. 
Mr. Kees is concerned about Sander’s reading difficulties. he thus asks the school 
psychologist (“orthopedagoog” in Dutch) and lead teacher (“intern begeleider” 
in Dutch) for advice. Together they decide to implement a small-group reading 
intervention called the Systematic Teaching and Recording Tactic (S.T.A.R.T) for 
Sander and three other 4th-grade students with reading difficulties. S.T.A.R.T. is an 
intervention that combines evidence-based approaches for word reading, fluent 
reading, and comprehension (Rogers, Deno, & Markell, 2001). S.T.A.R.T. is designed 
as a supplemental intervention program for students who struggle in reading and is 
easy to implement. The team also agrees to closely monitor the progress of Sander 
and the other students in order to evaluate the effects of S.T.A.R.T. on the students’ 
reading progress. 
A group of parent volunteers already come to the school twice a week to read 
for a half hour with struggling students. Mr. Kees, the school psychologist, and the 
lead teacher decide to train the parent volunteers to implement S.T.A.R.T. in that 
time. The school psychologist creates a scripted version of S.T.A.R.T., and does a 
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brief training with the parents. After the training, the parents implement S.T.A.R.T. 
under the supervision of Mr. Kees and the lead teacher, who offer encouragement 
to the students and advice to the parents. The school psychologist and Mr. Kees 
collect CBM progress data to evaluate the effects of the S.T.A.R.T. intervention via an 
online program called Mazesonline® (www.mazesonline.nl). Once a week students 
complete a 2-minute CBM maze-selection task. The online system automatically 
scores the maze tasks and graphs the data, and after a certain number of data 
points, generates a slope line (line of growth) through the data. 
After 10 weeks of intervention and monitoring, Mr. Kees inspects Sander’s 
CBM progress graph. he wants to share the graph with Sander’s parents at an 
upcoming parent meeting (“10-minuten-gesprek”/“ouderavond” in Dutch). In 
preparation for the meeting with the parents, Mr. Kees inspects Sander’s graph to 
determine whether Sander is making adequate progress and whether the S.T.A.R.T. 
intervention is effective for Sander. however, there is a lot of information on the 
graph and Mr. Kees is unsure about how to read and interpret the graph, and he is 
especially unsure as to how to describe the graph to Sander’s parents.
Problem-solving approach to addressing the needs of students with Learning 
difficulties 
The case study of Mr. Kees and Sander illustrates the use of CBM within a problem-solving 
approach to specialized education. A problem-solving approach is in contrast to a more 
traditional diagnostic-prescriptive approach.
Diagnostic-prescriptive approach
Traditionally, when the learning characteristics of a student appear to be very different 
than those of peers – as they are in the case of Sander – the student is referred to a 
specialist (such as a school psychologist) for assessment. Based on the results of the 
assessment, a diagnosis may be made, providing a name for the constellation of 
characteristics exhibited by the student. For example, if Sander were to be assessed, he 
might receive a diagnosis for dyslexia. After a diagnosis has been made, a specialized 
program of remediation is designed. This program might be individualized instruction 
provided by the teacher, specialized instruction provided by a specialist in- or outside 
of the school, or placement of the student in a different school. The diagnosis of 
a problem followed by the prescription of a treatment is referred to as a diagnostic-








The diagnostic-prescriptive approach assumes that a diagnosis (label) is a necessary 
prerequisite to receiving extra help, and that a particular diagnosis indicates a particular 
type of treatment or intervention.
There are several drawbacks associated with the diagnostic-prescriptive approach 
(Vaughn & Fuchs, 2003). First, it is a “wait-to-fail” approach; that is, there often is a delay 
between the time that a problem is noticed and the time that specialized interventions 
are begun because the student must wait for assessment and diagnosis. Second, there is 
the potential for a disconnect between assessment, diagnosis, and instruction because 
assessment and diagnosis occur in one setting (e.g., outside of school) while instruction 
occurs in another (e.g., in school). Third, students can easily “fall through the cracks”. That 
is, students might experience serious learning difficulties, but if they do not receive a 
diagnosis, they are not provided with additional instruction.
Problem-solving approach
An alternative approach to the diagnostic-prescriptive approach is a problem-solving 
approach (Deno, 1990, 2013). In a problem-solving approach, a learning problem is 
defined within the educational context, and then various interventions are tested 
to determine whether the interventions “solve” the problem that has been defined. 
More specifically, in the problem-solving approach, the “problem” is defined in terms 
of a discrepancy in performance between what a student can do and what he or 
she is expected to do (Deno, 2013). For example, a teacher may notice a discrepancy 
between a student’s reading performance and the performance of same-aged peers. 
This discrepancy might be confirmed via the student’s scores on informal assessments 
and/or standardized tests. As soon as a discrepancy is identified, additional specialized 
interventions are implemented in an attempt to improve the student’s performance 
and progress. Furthermore, data are collected to evaluate the effects of the additional 
interventions.
In a problem-solving approach, the aforementioned drawbacks to the diagnostic-
prescriptive approach are addressed (Vaughn & Fuchs, 2003). First, in a problem-solving 
approach there is less time between “diagnosis” of the problem and intervention 
because as soon as a discrepancy in performance is identified, interventions can begin. 
Second, because both the “diagnosis” of the problem and the design of the intervention 
take place within the school setting, there is less of a chance for a disconnect between 
diagnosis and treatment, and between regular and specialized instruction. Third, 
students are less likely to “fall through the cracks” because a discrepancy in performance 
signals the need for additional, specialized instruction, regardless of whether or not the 
student receives a diagnosis.
An important aspect of the problem-solving approach is that interventions are seen 
Chapter 2
18
as “hypotheses to be empirically tested” (Deno, 2013, p. 31). That is, it is assumed that 
one can never say with certainty that a given intervention will be effective for a given 
student; thus, the effectiveness of each intervention must be empirically tested for each 
individual student (Deno, 2013; Deno & Mirkin, 1977). As such, the added value of the 
problem-solving approach is that the effectiveness of an intervention is not assumed 
but evaluated, and if an intervention is not effective a new intervention is implemented 
until an effective intervention has been found to “solve” the student’s problem. One 
psychometrically sound and practically feasible progress-monitoring system often 
used to empirically test the effectiveness of interventions for individual students in the 
context of problem solving is CBM (Deno, 1990, 2013).
Problem solving at a school Level
Up to this point, we have described problem solving for individual students with learning 
difficulties, but a problem-solving approach also can be implemented at a school-wide 
level. One specific school-wide problem-solving model widely implemented in the 
United States, and beginning to be implemented in Europe and in the Netherlands, is 
called Response to Intervention (RTI; Grosche & Volpe, 2013; Schölvinck & Jansen, 2014; 
Vaughn & Fuchs, 2003), also sometimes referred to more generally as a Multi-tiered 
System of Supports (MTSS). Within RTI, a student’s “response” to instruction is used to 
determine the need for additional/more specialized instruction (Vaughn & Fuchs, 2003). 
Response to instruction is evaluated on the basis of data such as CBM data that reflect 
the individual student’s level of performance and rate of progress. 
An RTI approach to intervention typically involves three tiers or levels of instruction 
(e.g., see D. Fuchs & Fuchs, 2006; D. Fuchs, Fuchs, & Compton, 2012; Grosche &Volpe, 
2013; Vaughn & Fuchs, 2003). Tier 1 is the general education classroom, where the 
emphasis is placed on implementation of evidence-based interventions to ensure that 
poor performance of students is not attributable to poor education or poor instruction. 
Students are screened three times a year to identify students who are potentially at risk 
for failure. If a student’s scores on the screening measures are below pre-specified criteria 
or far below those of peers, as was the case for Sander in the case study, it indicates that 
the regular classroom instruction is not sufficient for the student to improve, and the 
student is moved to Tier 2.
In Tier 2, the student receives regular classroom instruction as well as additional, 
more intensive small-group instruction, and the student’s progress is closely monitored 
using an ongoing progress-monitoring system such as CBM. In the case study presented 
earlier, Mr. Kees provided Sander with extra reading instruction in a small-group setting 
via the S.T.A.R.T. intervention. If after receiving Tier 2 interventions, the student’s 








case study, the Tier 2 interventions had not yet been evaluated for Sander.
In Tier 3, the student receives additional intensive, individualized instruction, and the 
student’s progress continues to be monitored. If the intensive, individualized instruction 
is not effective, the instructional program is changed until an effective program is built 
for the student. In Tier 3, additional diagnostic assessment may be done to provide 
a more in-depth insight into the student’s problems and to inform the design of an 
effective instructional program for the student.
In sum, within RTI, students are identified for additional, specialized instruction on 
the basis of educational needs rather than on the basis of a diagnosis (Vaughn & Fuchs, 
2003). Further, as illustrated in the case study of Mr. Kees and Sander, the responsibility 
for specialized instruction begins with the “home school”, and remains with the home 
school, or at least within the partnership (“samenwerkingsverband” in Dutch) between 
the home school and other schools. 
RTI provides a framework that can be used to address the challenge of implementing 
Passend Onderwijs (tailor-made education) in the Netherlands. The law Passend 
Onderwijs came into force in 2014, and states that every student must receive tailor-
made education, and that extra instruction provided for students is not dependent 
on a “medical indication” (Nationaal Regieorgaan Onderwijsonderzoek, 2014). Passend 
Onderwijs also states that schools are responsible for meeting the educational needs of 
all students in the school, including those with learning and/or behavioral difficulties 
or disabilities. This means that schools are supposed to provide tailor-made education 
for all students, and that this education should be provided as much as possible within 
the school itself (rather than outside the school). The ideas of Passend Onderwijs fit 
seamlessly with the ideas of RTI. Furthermore, the use of CBM to collect and evaluate 
student progress data to make data-based instructional decisions is in line with 
the Dutch ministry for Education, Culture, and Science’s (Ministerie van Onderwijs, 
Cultuur en Wetenschap, 2007, 2011) call for elementary schools to adopt a data-based 
instructional approach – referred to as Opbrengstgericht Werken (Results-oriented 
Instruction) – in order to improve student achievement. 
To summarize, CBM can be used to closely monitor the progress of students with 
learning difficulties and to evaluate the effectiveness of instruction for those students. 
RTI and CBM can be implemented in the Netherlands to address the challenge of 
Passend Onderwijs, and to meet the government’s call for teachers to adopt a data-based 
instructional approach. But what is known about the technical adequacy of scores from 
CBM measures and the effects of the use of CBM on student achievement?
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overview of research on CbM
Technical adequacy of CBM scores
A large body of research supports the reliability and validity of CBM scores as indicators 
of the performance and progress for students in several academic areas, including 
math, written expression, and reading (see reviews by Foegen, Jiban, & Deno, 2007; 
McMaster & Espin, 2007; Wayman, Wallace, Wiley, Tichá, & Espin, 2007). The studies in 
this dissertation focus on CBM use in reading. In reading, two different types of measures 
have been used to monitor student progress: Reading aloud and maze selection (hosp, 
hosp, & howell, 2016). For the reading-aloud measure, students read aloud from text for 
1 minute, and the number of words read correctly is scored and graphed. For the maze-
selection measure, students read from a text in which every 7th word has been deleted 
and replaced with three choices – one clearly correct and two clearly incorrect choices. 
Students read silently for 2-3 minutes, selecting choices as they read. The number of 
correct choices is scored and graphed.
Scores for both the CBM reading-aloud measure and maze-selection measure have 
been found to be reliable and valid indicators of general reading performance, with 
alternate-form reliability coefficients typically above r = .85 and validity coefficients 
representing the relation between the CBM scores and scores on other measures of 
reading performance typically above r = .65 (see Espin, Wallace, Lembke, Campbell, & 
Long, 2010; Marston, 1989; Reschly, Busch, Betts, Deno, & Long, 2009; Wayman et al., 
2007).
Effects of CBM use on student achievement
Research also has demonstrated that using CBM leads to improved student achievement 
(Stecker, Fuchs, & Fuchs, 2005). More specifically, when teachers use CBM data to monitor 
student progress and to evaluate the effects of instruction, student performance and 
progress improves. For example, in one of the earliest randomized control studies to 
address the effects of CBM use on student achievement (L. S. Fuchs, Deno, & Mirkin, 
1984), it was found that students of CBM teachers improved significantly more in reading 
performance than did students of control teachers. As an example, a description of this 
study is provided in the following paragraph. Details of other studies addressing the 
effects on student achievement are outlined in Chapters 3 and 5.
L. S. Fuchs and colleagues (1984) randomly assigned 39 teachers to either a CBM 
progress-monitoring (experimental) condition or to a control condition. CBM teachers 
monitored the reading progress of 3-4 students with reading difficulties two times a 
week for a period of 18 weeks using a CBM reading-aloud measure, and used the data 








reading progress of 3-4 students with reading disabilities for the same 18 weeks using 
traditional methods such as teacher-made tests, teacher observation, and workbook 
exercises. Dependent variables in this study were performance on decoding and reading 
comprehension subtests of a standardized achievement test, teacher instruction, 
and teacher evaluation of student progress. Teacher was the unit of analysis. Results 
revealed that students of CBM teachers improved significantly more in both decoding 
and reading comprehension over the 18 weeks than did students of control teachers. 
In addition, observations of teacher instruction during the study revealed that CBM 
teachers increased their use of high-quality instructional practices over time, whereas 
the control teachers decreased use of such practices over time. Finally, CBM teachers 
were more realistic and specific in describing student progress than were control 
teachers. These results thus supported the effects of CBM progress monitoring on 
student achievement as well as teacher instruction and teacher evaluation of student 
progress. 
L. S. Fuchs and colleagues (1984) attributed the effects that they found in part to 
the fact that CBM teachers used the CBM data to make instructional changes; however, 
later studies revealed that teachers often do not use CBM data to make instructional 
decisions (see Stecker et al., 2005, for a review). The majority of studies that have been 
done to examine the effects of the use of CBM on student achievement were carried 
out in the 1980s /early 1990s. Unfortunately, since that time, little research has focused 
on teachers’ use of CBM data, and it is only recently that research has been done to 
examine precisely why teachers do not use CBM data to make instructional decisions. 
This oversight is somewhat surprising given the fact that the success of CBM relies on 
teachers’ use of the data to make instructional decisions (Stecker et al., 2005).
Teachers’ Comprehension of CbM graphs 
As described in Chapter 1, one potential reason for teachers’ non-use of CBM data might 
be that teachers have difficulty reading and interpreting – “comprehending” – the CBM 
progress graphs. Although CBM graphs are designed to be simple, and although the 
graphs are supposed to be easy to read and interpret (Deno, 2003), until recently, 
no one had examined whether it actually was the case that the graphs were easy or 
difficult to read and interpret. Given that research on general graph comprehension 
demonstrates that reading and interpreting graphs often is not as simple as is often 
thought (see reviews by Friel, Curcio, & Bright, 2001; Glazer, 2011; Shah & hoeffner, 
2002), it is reasonable to assume that reading and interpreting CBM graphs also might 
be more difficult than presumed. 
The first studies conducted to examine teachers’ comprehension of CBM graphs were 
published in 2017. Results of these two small, exploratory, descriptive studies demonstrated 
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that both inservice teachers (Espin, Wayman, Deno, McMaster, & de Rooij, 2017) and 
preservice teachers (Wagner, hammerschmidt-Snidarich, Espin, Seifert, & McMaster, 
2017) experienced difficulties with comprehending CBM graphs. In both studies, a think-
aloud methodology was used to examine participants’ CBM graph comprehension. That 
is, participants were asked to “think out loud” while reading and describing CBM graphs. 
In the Espin et al. (2017) study, inservice teachers’ think-alouds of CBM graphs were 
rated as to the extent to which they reflected knowledge about CBM and were scored 
on various aspects of CBM graph comprehension (i.e., accuracy, sequential coherence, 
specificity, and reflectivity). Results revealed that the higher-rated think-alouds were 
more accurate, coherent, specific, and reflective than the lower-rated think-alouds, 
showing that some teachers experienced more difficulties reading and describing CBM 
graphs than others. In addition, and perhaps of most interest, it was found that the 
CBM knowledge ratings of teachers’ think-alouds were not related to teachers’ years of 
experience using CBM. This lack of correspondence seems to suggest that experience 
using CBM and creating CBM graphs does not guarantee adequate understanding and 
interpretation of the graphs.
In the Wagner et al. (2017) study, preservice teachers’ think-alouds were compared 
to the think-alouds of “gold-standard” CBM experts. Results revealed that the think-
alouds of the preservice teachers were less accurate, complete, coherent, specific, 
and reflective than the think-alouds of the CBM experts, showing that the preservice 
teachers comprehended the graphs less well than did the CBM experts.
In sum, the results of these first two studies on CBM graph comprehension provide 
preliminary support for the assumption that reading and interpreting CBM graphs 
might be more difficult than presumed, but these results should be replicated.
studies in this dissertation
The studies presented in this dissertation build upon the two early studies of Espin et 
al. (2017) and Wagner et al. (2017), and further examine teachers’ ability to comprehend 
CBM progress graphs. First, teachers’ ability to describe CBM graphs, and their patterns 
of graph inspection are examined. Then, instructional approaches for improving 
teachers’ CBM graph comprehension are examined. Throughout the studies, we make 
use of a framework for the study of graph comprehension developed by Curcio (1987) 
and Friel et al. (2001). Curcio (1987) and Friel et al. (2001) describe three levels of graph 
comprehension: Reading the data, reading between the data, and reading beyond the 
data. Reading the data is defined as the ability to extract the data from the graph, and 
represents the most basic level of graph comprehension. Reading between the data is 
defined as the ability to integrate and interpret the data from the graph, and represents 








as the ability to interpret the data from the graph within its context, and represents the 
most advanced level of graph comprehension. 
Curcio’s (1987) and Friel et al.’s (2001) framework of graph comprehension often is 
used in studies of graph comprehension (e.g., Ali & Peebles, 2013; Boote, 2014, Galesic 
& Garcia-Retamero, 2011; Kim, Lombardino, Cowles, & Altmann, 2014). In the studies in 
this dissertation, we use this framework to examine (Chapter 3) and improve (Chapter 5) 
teachers’ comprehension of CBM graphs. We do, however, not use Curcio’s and Friel et al.’s 
general terms of reading the data, reading between the data, and reading beyond the data 
to refer to the three levels of graph comprehension. Instead, we use terms more specific to 
CBM graph comprehension to refer to these levels, namely reading the data, interpreting 
the data, and linking the data to instruction. We conceptualize reading the data as the 
ability to describe the CBM data (the data points and the slope lines) as they appear on 
the graph, interpreting the data as integrating and interpreting relations between graph 
elements (such as the slope line and the goal line), and linking the data to instruction as 
evaluating and interpreting the data within the instructional context (see Chapters 3 and 
5 for examples of reading, interpreting, and linking CBM data to instruction). 
summary and Conclusions 
As illustrated by the case study of Mr. Kees and Sander presented at the beginning of 
this chapter, CBM is built upon a problem-solving approach to addressing the needs 
of students with learning difficulties. CBM can be used to monitor the progress of 
students with learning difficulties and to evaluate the effectiveness of instruction for 
these students. A large body of research supports the technical adequacy of CBM 
scores, and research also demonstrates positive effects of the use of CBM data on 
student achievement. Importantly, such effects on student achievement are only found 
when teachers use the data to make instructional decisions (i.e., change instruction 
or raise the goal), but, unfortunately, teachers often do not use the data. Somewhat 
surprisingly, to date, little research on CBM focused on why teachers do not use the data 
to make instructional decisions. One potential reason that deserves further attention 
in future research is that teachers might struggle with reading and interpreting – 
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Teachers have difficulty using data from curriculum-based measurement (CBM) progress 
graphs of students with learning difficulties for instructional decision-making. As a first 
step in unraveling those difficulties, we studied teachers’ comprehension of CBM graphs. 
Using a think-aloud methodology, we examined 23 teachers’ ability to read, interpret, 
and link CBM data to instruction for fictitious graphs and their own students’ graphs. 
Additionally, we examined whether graph literacy – as measured with a self-report 
question and graph-reading skills test – affected graph comprehension. To provide a 
framework for understanding teachers’ graph comprehension, we also collected data 
from “gold-standard” experts. Results revealed that teachers were reasonably proficient 
at reading the data, but had more difficulty with interpreting and linking the data to 
instruction. Graph literacy was related to some but not all aspects of teachers’ CBM 
graph-comprehension ability. Implications for training teachers to comprehend and 
use CBM progress data for decision-making are discussed.







daTa-based deCision-MaKing: TeaCHers’ CoMPreHension of 
CurriCuLuM-based MeasureMenT Progress graPHs
Teachers are problem solvers. They are confronted each day with solving the problem 
of how best to help children learn. Teachers of students with learning difficulties 
face special challenges in their problem solving efforts. First, students with learning 
difficulties may not respond to the type of instructional approaches found to be 
effective for other students. Second, students with learning difficulties may improve 
at slow, incremental rates, yet instructional time is limited. Teachers cannot afford to 
waste precious educational time on interventions that are ineffective. To be successful 
problem solvers, teachers of students with learning difficulties must be relentless in 
their instruction. They must teach their students with a sense of urgency, striving to 
build increasingly effective instructional programs (Zigmond, 1997, 2003).
One important tool for building effective instructional programs for students 
with learning difficulties is a database of effective instructional interventions (e.g., 
What Works Clearinghouse, see http://ies.ed.gov/ncee/wwc/). Yet, students respond 
differentially to interventions – even to those with an empirical evidence base (Deno, 
1985; Deno & Fuchs, 1987). Therefore, teachers must have a second tool available, one 
that allows them to collect data on the effectiveness of interventions for individual 
students. Furthermore, teachers must have the skills needed to use the data generated 
by such a tool to inform their instruction. One such assessment tool that teachers can 
use to evaluate the effects of instructional programs on student progress is curriculum-
based measurement (CBM; Deno, 1985).
Curriculum-based Measurement
CBM is a progress-monitoring system designed to track the progress of individual 
students with learning difficulties, and to evaluate the effectiveness of instruction for 
those students (Deno, 1985, 2003). CBM involves frequent (e.g., weekly) administration 
of short, simple measures that sample performance in an academic area such as reading. 
Scores from the measures are placed on a graph that depicts student performance 
and progress over time (see Figure 3.1, for a sample CBM graph). Key components of 
a CBM progress graph include: (1) baseline data, representing the student’s current 
level of performance; (2) peer data, representing typical performance and reflecting the 
discrepancy between the student and peers; (3) a goal line, representing the expected 
rate of growth and end-of-year level of performance; (4) data points, representing 
the number of correct and incorrect responses on weekly probes; (5) slope or growth 




Figure 3.1. Sample of a standard CBM progress graph. Graphs were presented to participants in 
Dutch. Numbers were added to this sample graph for illustrative purposes: (1) = baseline data, (2) 
= peer data, (3) = goal line, (4) = data points, (5) = slope or growth line, and (6) = solid vertical line. 
In order to evaluate the effectiveness of instruction for a particular student, the 
teacher examines the graph to determine whether the student is progressing at the 
desired rate of growth and whether the student will achieve the goal. If growth is 
greater than expected, the teacher raises the goal. If growth is less than expected, the 
teacher changes instruction and then continues to monitor to examine the effects of the 
change. By responding to student data with goal or instructional changes, the teacher 
strives to build a powerful, effective instructional program for the student.
A large body of research has addressed the development of CBM measures and 
procedures in areas such as math, writing, and reading (see Foegen, Jiban, & Deno, 
2007; McMaster & Espin, 2007; Wayman, Wallace, Wiley, Tichá, & Espin, 2007, for reviews), 
and demonstrates that when teachers use CBM to inform their instruction, student 
achievement improves (Stecker, Fuchs, & Fuchs, 2005). however, this research also reveals 
that teachers often do not use CBM to inform their instruction; that is, teachers collect 
and graph the data, but do not respond to the data with goal or instructional changes. 
To address this concern, Fuchs, Fuchs and colleagues developed approaches for, and 
investigated the effects of, computer-assisted feedback on CBM data-based decision-
making (see L. S. Fuchs & Fuchs, 2002; Stecker et al., 2005, for reviews). They did not, 
however, examine teachers’ understanding or interpretation of CBM progress graphs.








The first step in CBM data-based decision-making is to interpret the progress graph – that 
is, to determine whether the graph signals the need for a goal or instructional change. 
At first glance, CBM graphs seem easy to interpret. After all, the graphs are designed to 
be simple, clear, and easy to understand (Deno, 1985, 2003); however, research suggests 
that graph interpretation is not necessarily simple. For example, Kratochwill, Levin, 
horner, and Swoboda (2014) reviewed the research on the interpretation of single-
subject design graphs, many of which were “simple” A-B designs, and concluded that 
it was difficult for viewers to reliably visually analyze the graphs in order to determine 
intervention effectiveness. Difficulties with graph interpretation are not unique to 
education, or to special education. Research on graph reading in general demonstrates 
that graph reading is a fairly complex process, and that people easily make mistakes 
when reading and interpreting graphs (see Friel, Curcio, & Bright, 2001; Glazer, 2011; 
Shah & hoeffner, 2002, for reviews).
A term often used in the graph-reading literature to describe people’s ability to read 
and interpret graphs is graph comprehension (Friel et al., 2001). Graph comprehension 
is defined as a viewer’s ability to derive meaning from a graph, and includes three key 
components: (1) the ability to extract the data from the graph – that is, to read the data 
at a surface level; (2) the ability to integrate and interpret the graphed data – that is, to 
see the relation between the various data components presented on the graph; and 
(3) the ability to evaluate the data and interpret it within a given context – that is, to 
make inferences from the data and link the data to “real life” (see Friel et al., 2001, for a 
review). Curcio (1981) and Friel et al. (2001) refer to these three components of graph 
comprehension as reading the data, reading between the data, and reading beyond the 
data, and argue that the components are hierarchical in nature, with reading the data 
being the simplest, and reading beyond the data the most complex skill. 
Curcio’s (1981) and Friel et al.’s (2001) framework often has been used in graph-
comprehension research (e.g., Boote, 2014; Galesic & Garcia-Retamero, 2011; Kim, 
Lombardino, Cowles, & Altmann, 2014). Applying this framework to CBM, comprehension 
of CBM progress graphs can be conceptualized as the ability to (1) read the data – that 
is, describe the scores and growth/slope lines on the graph (e.g., “At week 5 the student 
had a score of 20 correct maze choices,” or “The slope line for phase 3 increased at a 
rate of .25 choices per week”; (2) read between the data – that is, interpret the relations 
between various data components such as the slope and goal lines (e.g., “The slope line 
is less steep than the goal line, so growth is less than expected”); and (3) read beyond the 
data – that is, link the data to the instructional context (e.g., “The student is not growing 
at the expected rate, thus a change in instruction is needed”). We make use of Curio’s 
and Friel et al.’s framework for our research on CBM graph comprehension; however, 
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rather than use the generic terms of reading, reading between, and reading beyond the 
data, we use terms specific to CBM graph-reading, namely reading, interpreting, and 
linking CBM data to instruction.
factors influencing graph Comprehension
One consistent finding to emerge from the graph-comprehension research is that general 
graph-literacy can affect the viewer’s comprehension of a particular graph (e.g., Glazer, 
2011). Graph literacy refers to the viewer’s knowledge about graphs (Shah & hoeffner, 
2002). For example, Xi (2010) found that viewers who were more familiar with graphs (i.e., 
had a higher level of graph literacy) described line graphs in a more organized fashion, and 
were more complete, accurate, and sophisticated in their graph descriptions than viewers 
who were less familiar with graphs. In the present study, we examine the role of general 
graph-literacy in teachers’ comprehension of CBM graphs. We measure graph literacy via 
both self-report and a graph-reading skills test, approaches that have been used in other 
studies of graph comprehension (e.g., Galesic & Garcia-Retamero, 2011; Xi, 2010).
A second factor that has been found to influence graph comprehension is content 
knowledge (e.g., Friel et al., 2001; Glazer, 2011). Content knowledge refers to the viewer’s 
background knowledge about the information being graphed (Friel et al., 2001). For 
example, Shah (2002) found that when viewers were more familiar with the graph 
content (of line graphs), they were more likely to extract information on trends in the 
data than when they were less familiar with the graph content.
The effects of content knowledge often have been studied by comparing the 
graph comprehension of participants with more or less content knowledge (experts 
versus non-experts; see Freedman & Shah, 2002, for examples of such studies). With 
regard to CBM, defining “content” knowledge is somewhat of a challenge because 
content knowledge might be defined as general knowledge about education, general 
knowledge about educational progress-monitoring, specific knowledge about CBM 
progress-monitoring, or knowledge related to the individual student being monitored.
In the present study, we examine the influence of various sources of content 
knowledge on CBM graph comprehension in two ways. First, using standard (researcher-
made) CBM graphs, we compare teachers’ graph comprehension to that of three groups 
of experts: General graph-reading experts, education graph-reading experts, and CBM 
graph-reading experts. Second, to examine the influence of knowledge related to 
the individual student being monitored, we compare teachers’ comprehension of the 
standard (researcher-made) graphs to their comprehension of student graphs from two 
students with reading difficulties from their own class.







What should be expected of Teachers?
One challenge we faced in conducting this research was knowing what to expect 
from the teachers with regard to CBM graph comprehension. Research on CBM graph 
comprehension is fairly new, and thus there were few standards against which to compare 
teachers’ performance. Including data from the experts provided us with a standard 
against which to interpret the teachers’ data. This approach also was taken in a study by 
Wagner, hammerschmidt-Snidarich, Espin, Seifert, and McMaster (2017), who examined 
preservice teachers’ comprehension of CBM graphs, and compared those data from the 
preservice teachers to that of three “gold-standard” CBM experts. Wagner et al. used the 
term “gold-standard” to emphasize that data from the experts set a standard against which 
to compare data from the preservice teachers. In the present study, we refer to the CBM 
expert data reported in Wagner et al. to provide a framework for interpreting the data 
from our inservice teachers. In addition, we extend the Wagner et al. study by including 
additional variables that were not examined in the original study, and by including data 
from general graph-reading experts and education graph-reading experts. 
Purpose of the study
To summarize, this study is a replication and extension of Wagner et al.’s (2017) study on 
comprehension of CBM progress graphs. This study is an exploratory, descriptive study, 
with the purpose of examining inservice teachers’ comprehension of CBM graphs, and 
exploring the influence of factors that might affect that comprehension. 
To examine CBM graph comprehension, we employ a think-aloud strategy, and 
collect data from teachers on both standard and student CBM graphs. For the standard 
graphs, we also present data from three types of gold-standard experts. In addition, we 




Teacher participants were 23 Dutch elementary- and secondary-school teachers 
(19 female, 4 male; M 
age
 = 42.39, SD = 11.91) from 13 general and special education 
schools who were recruited via convenience sampling. All participants had completed a 
teacher education program and earned a Bachelor of Education. In addition, 5 teachers 




Teachers reported that they had had, on average, 4.65 years (SD = 1.27, range 
2-7 years) of mathematics education during their secondary-school education. Five 
teachers also had completed one or more (range 1-4) courses in statistics as part of 
their post-secondary education. Elementary-school teacher participants (n = 19) taught 
at the 5th- and 6th-grade level, and had on average 16.74 years (SD = 10.31) of teaching 
experience. Secondary-school teacher participants (n = 4) taught Dutch at the 7th- and 
8th-grade level, and had on average 13.25 years (SD = 9.43) of teaching experience. All 
teachers worked with students with reading difficulties in their classes.
Teachers completed a short background questionnaire to assess their familiarity and/
or experience with progress monitoring in general, and with CBM progress-monitoring 
in particular. CBM progress-monitoring is relatively new in the Netherlands, but the 
concept of progress monitoring is not. At the elementary level, schools are required to 
monitor the progress of all students in the school. Most schools use a nationally-normed 
standardized test to monitor student progress, and students typically are tested annually 
or bi-annually. Both individual and class-wide data are provided to teachers in the forms 
of graphs and tables. At the secondary level, progress monitoring is not required, but 
schools are strongly encouraged to do so. A national standardized test is also available 
for secondary schools that wish to implement progress monitoring. 
Twenty teachers in our sample reported that their schools implemented a progress-
monitoring system, and 18 of those teachers reported that they used the data and 
progress graphs generated by the system. Those teachers reported that they used data 
to examine student progress, to place children into instructional groups, or to report on 
student progress to parents. Only 5 of the 23 teachers reported that they had ever heard 
of CBM progress-monitoring – two via University coursework and one via participation 
in a study in which teachers collected CBM data from students but did not graph or use 
the data. None of the teachers had ever used CBM to monitor the progress of students 
in their classrooms and evaluate instructional effectiveness.
“Gold-standard” graph-reading experts
Expert participants were seven “gold-standard” graph-reading experts (3 female, 4 male). 
Three types of “gold-standard” experts were included: General-graph Experts, Education-
graph Experts, and CBM-graph Experts. General-graph Experts (n = 2, M 
age
 = 35.00) were 
1 The Netherlands has a binary system of higher education. Thus, there are two types of higher education: 
research-oriented education and professional-oriented education. Research-oriented education is 
typically offered at research universities, professional-oriented education at universities of applied 
sciences (EP-Nuffic, 2016). Teacher education falls primarily under the professional-oriented education 
system.







assistant professors in Statistics, and were selected because of their training and 
experience in reading numerical and statistical graphs. Both experts had a master’s degree 
in Psychology and a Ph.D. in Psychology/Statistics. The General-graph Experts had on 
average 10.50 years of experience teaching statistics; one had taught 6 different statistics 
courses, and the other 9. Courses taught by the experts included Introduction to Statistics & 
Research Methods, Test Theory & Scale Development, and Applied Multivariate Data-analysis.
Education-graph Experts (n = 2, M 
age
 = 33.86) were employees (one full time, the 
other a consultant) of a company responsible for the development and use of national 
standardized assessments in the Netherlands (similar to the ETS in the United States). 
These experts were selected because of their training and experience in reading 
educational progress graphs. Both experts had a master’s degree in Psychology. One 
had a Ph.D. in Education and Child Studies, the other a Ph.D. in Psychology/Statistics. (At 
the time of the study, this second expert was also an assistant professor in Education.) 
The Education-graph Experts had worked on average 7.50 years for the assessment 
company, and were responsible for the development of language and math items and 
tests. Both experts had given presentations about interpretation and use of national 
standardized assessment data to (future) educational professionals.
The CBM-graph Experts (n = 3, M 
age
 = 66) were University professors in Special 
Education, and were selected because of their training and experience in reading CBM 
graphs. All three CBM-graph Experts had Ph.D.’s in Educational Psychology, and were 
involved in the original development of CBM. They all had at least 100 publications on 
CBM and at least 50 teaching and training experiences related to CBM, and reported 
that they had interpreted more than 100 CBM graphs.
As is clear from the descriptions above, expertise was established primarily on the 
basis of background and experience; however, we also collected data on experts’ graph 
literacy. These data are reported at the beginning of the results section.
Procedures
We employed a think-aloud strategy to collect data on participants’ CBM graph 
comprehension. Think-aloud data for the teachers and General-graph and Education-
graph Experts were collected as a part of this study. Think-aloud data for the CBM-graph 
Experts had been collected as a part of the Wagner et al. (2017) study. We used similar 
procedures as those used by Wagner et al., with the exception that we collected eye-
movement data from our participants while they described the graphs. (We report on 
only the think-aloud data in this article.)
We extended the Wagner et al. (2017) study by including additional variables on 
CBM graph comprehension. For variables common to both the Wagner et al. study 
and this study, we refer to the Wagner et al. data. For variables unique to this study, we 
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recoded the CBM-graph Experts’ think-aloud data.2 
Teachers completed think-alouds for both standard and student graphs. To create 
the student graphs, teachers collected weekly progress-monitoring data for two 
students with reading difficulties over a period of 10 to 12 weeks. Data were collected 
via an online progress-monitoring system that automatically timed the measures, and 
scored and graphed the data.3 The CBM measure used for progress monitoring was 
maze selection. A maze is a text in which every seventh word is deleted and replaced 
by three alternatives. Students read the text silently for two minutes, selecting words 
at each deletion point. The number of correct and incorrect choices are scored and 
graphed. Scores from the maze have found to be reliable and valid indicators of students’ 
performance and progress in reading (Espin, Wallace, Lembke, Campbell, & Long, 2010; 
Shin, Deno, & Espin, 2000; Wayman et al., 2007).
After collecting progress data for 10-12 weeks, teachers rated their graph-
interpretation experience and completed a Graph-reading Skills Test online. Teachers 
then completed think-alouds for two standard and two student CBM graphs. General-
graph and Education-graph Experts also rated their graph-interpretation experience, 
and completed the Graph-reading Skills Test and then the think-alouds for the standard 
graphs. The CBM-graph Experts also rated their graph-interpretation experience and 
completed the Graph-reading Skills Test as part of this study.
Think-alouds were conducted on an individual basis. Participants were shown a 
sample CBM graph in reading, were provided with a description of the graph, and then 
completed a think-aloud for each standard CBM graph. The order in which the graphs 
were presented was counterbalanced (AB versus BA). Teachers (only) then completed 
think-alouds for their students’ graphs. Prior to completing the think-alouds for student 
graphs, teachers were given a short set of instructions describing the differences in 
layout between the standard and student graphs. Data for the teachers were collected 
at their school. Data for the experts were collected at their place of work.
Materials
Standard graphs
The standard (researcher-made) CBM graphs used in this study were slightly modified 
versions of graphs used in the Wagner et al. (2017) study. For this study, the y-axis 
represented scores on maze selection rather than reading aloud because teachers were 
2 We obtained permission from the authors of the Wagner et al. (2017) study and from the CBM experts to 
refer to the original data in this study, and to recode and reanalyze parts of their think-aloud data.
3 Teachers had no access to the student scores or the student graphs; they thus did not see the student 
graphs before they completed the think-alouds for those graphs.







using the maze to collect progress data from their own students. Although the graphs 
had different scale, the data points and data patterns for the graphs used in this study 
and in the Wagner et al. study were the same. 
Standard graphs depicted fictitious student progress data across five phases of 
instruction across a school year (see Figure 3.1, for a sample standard graph). The graphs 
included baseline and peer data, a goal line, and, within each phase, data points and 
slope lines. The graphs were in black and white and included a legend defining the 
graph symbols. The format of the sample graph, which was used to provide instructions 
to participants, was identical to that of the two standard graphs but the data differed.
Student graphs
Student graphs were created via the progress-monitoring system used to collect 
progress data. The student graphs had a different format than that of the standard 
graphs (see Figure 3.2, for a sample student graph). Student data were collected for a 
period of only 10-12 weeks, thus the graphs depicted progress for only one instructional 
phase. In addition, the graphs did not display peer data, and they were in color.




Participants’ graph literacy was measured via a self-report question on graph-
interpretation experience and a Graph-reading Skills Test.
Self-report question graph-interpretation experience
Participants were asked to rate their experience with interpreting graphs and diagrams 
on a four-point scale ranging from very little (1) to very much (4).
Graph-reading Skills Test
The Graph-reading Skills Test was a revised version of the Graph Literacy Scale developed 
by Galesic and Garcia-Retamero (2011). The original scale was used to assess health-
related graph literacy in Germany and the United States (U.S.), and consisted of 8 graphs 
(bar graphs, line graphs, a pie chart, and an icon array) and 13 questions. Questions 
were designed to represent Curcio’s (1981) three components of graph comprehension 
(i.e., reading the data, reading between the data, and reading beyond the data). In the 
Galesic and Garcia-Retamero (2011) study, the scale was administered to nationally 
representative samples of 495 German and 492 U.S. participants, ages 25 to 69. The 
scale was found to have reasonable psychometric properties: Cronbach’s alpha was .74 
for the German version and .79 for the English version, and the total score on the scale 
correlated significantly with participants’ educational level (r = .29 for Germany; r = .54 
for the U.S.) and numeracy skills (r = .32 for Germany; r = .50 for the U.S.), and with graph-
reading items from other measures (r = .32 for Germany; r = .50 for the U.S.).
We modified the items of the Graph Literacy Scale to fit the purpose of the present 
study.4 Items were changed to reflect educational rather than health-related topics, 
and were translated from English into Dutch. The first author, who was fluent in both 
English and Dutch, translated the items. The second and the third authors, who also 
were fluent in both English and Dutch, reviewed the translation and provided feedback. 
Then the test was administered to 10 master’s students in Education and Child Studies 
who provided feedback on the items. Items were revised slightly on the basis of this 
feedback. In addition, an item was added that included a graph that was similar to the 
progress graphs commonly used in the Netherlands. As a final step, the Graph-reading 
Skills Test was translated back to English by the researchers so that the CBM-graph 
Experts could complete the measure.
Participants’ scores on the Graph-reading Skills Test were the number of items answered 
correctly, with a maximum possible score of 14. Cronbach’s alpha for the test was .81.
4 We obtained permission from the developers of the Graph Literacy Scale to modify the items, and to use 
the modified scale in the present study.







Measures: CbM graph Comprehension
Participants’ CBM graph comprehension was assessed via a think-aloud methodology. 
In a think-aloud methodology, participants are asked to verbalize their thoughts while 
completing a task (Ericsson & Simon, 1993). 
Think-alouds
Our participants were asked to “think out loud” as they described CBM graphs. They 
were provided with the following instructions: “Describe the graph and think-out loud 
while you are looking at the graph. Tell me what you see and what you think. Tell me also 
where you are looking at and why you are looking at that.”
Prior to completing the think-alouds, participants were shown a sample of, and 
provided with a description of, a CBM graph.5 Participants were told that the graph 
displayed the reading progress of one student across a school year, and that the data 
on the graph represented correct and incorrect responses on 2-minute reading probes 
administered weekly to students. The researcher then pointed to and described each 
element of the graph (see Appendix [at the end of this chapter] for this description).
Think-alouds were audiotaped and transcribed. Each transcription was checked by 
a second person, who listened to the tape while reading the transcription, and made 
corrections if necessary. Disagreements, such as unclear utterances, were resolved by 
the first author.
Coding Procedures for standard graphs
Think-alouds were coded based on the three components of Curcio’s (1981) and Friel 
et al.’s (2001) framework for graph comprehension. Recall that we used CBM-specific 
terms for reading, reading between, and reading beyond the data, namely reading, 
interpreting, and linking the data to instruction. Coding was done by the first author 
and by research assistants trained by the first and second author. Coders were trained in 
five training sessions. Each training session focused on a different aspect of the coding 
procedure, and included an explanation of the procedure, opportunities for practice, 
and a reliability check. Coders had to be 80% reliable before they could begin coding. 
All data were double coded by the first author and a research assistant. Disagreements 
in coding were discussed and resolved. Intercoder agreement was calculated separately 
for each aspect of the coding. To calculate agreement, every third think-aloud was 
randomly selected, and coding agreement was calculated by dividing the number of 
agreements by the number of agreements plus disagreements, multiplied by 100. 
5 Note that the CBM experts in the Wagner et al. (2017) study were not provided with a description of a sample 
graph. however, our teachers and experts were new to or had never heard of CBM; thus, we felt that it was 
necessary to provide an overview of the graphs before asking them to complete the think-alouds.
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Two rounds of coding were done. The first focused on participants’ ability to read 
the data. The second focused on participants’ ability to interpret the data and link it to 
instruction.
Round 1: Coding for reading the data
Procedures for coding for reading the data were based on procedures developed in 
previous research (see Espin, Wayman, Deno, McMaster, & de Rooij, 2017; Wagner et 
al., 2017). Prior to coding, the think-alouds were parsed into idea units (defined as a 
statement that expressed one idea), and were assigned content labels corresponding to 
the element of the graph to which they referred, using the definitions from Espin et al. 
Graph elements included framing (i.e., describing the graph-set up and meaning of the 
scores or measures used); baseline (i.e., describing the beginning level of performance 
of the student and/or peers); goal setting (i.e., describing the goal line and/or long- or 
short term goals); instructional phases 0, 1, 2, 3, and 4 (i.e., describing scores, progress, or 
variability within a specific phase); and goal achievement (i.e., describing whether the 
student achieved the goal). Statements that referred to general student progress (across 
phases) rather than to progress within a phase were assigned a general progress label. 
Statements that did not refer to graph content (e.g., comparing one graph to the other) 
and evaluative statements about the information on the graph (e.g., wondering why the 
student had reading problems) were assigned a label of “other”. Statements that were 
irrelevant to the content of the graph (e.g., asking if they were speaking loud enough) 
were not coded. To illustrate the content label coding, a sample of a coded think-aloud 
is provided in Table 3.1. Intercoder agreement for content label coding was 79.70%. 
After each idea unit was assigned a content label, the think-alouds were coded for 
three different aspects of reading the data: Accuracy, completeness, and sequential 
coherence. 
Accuracy was the extent to which the statements in the think-aloud were correct. 
Incorrect statements were those that clearly conflicted with the data presented in the 
graph – for example, if a participant stated that a student was making progress, but the 
slope line on the graph was negative. Accuracy was reported as a percentage score, 
and was calculated by dividing the number of idea units coded as accurate by the total 
number of idea units. higher scores reflected a more accurate think-aloud. Intercoder 
agreement for accuracy was 95.27%.
Completeness was the extent to which the think-aloud included mention of nine 
graph elements: Framing, baseline, goal-setting, phases 0, 1, 2, 3, and 4, and goal 
achievement. One point was assigned for each element mentioned. The completeness 
score thus ranged from 0 to 9, with a higher score reflecting a more complete think-
aloud. Intercoder agreement for completeness was 100%. 







Table 3.1. Sample of a Coded Think-Aloud
Transcription of the think-aloud Content
Label
1. This is the graph of a 6th-grade student.
2. First I look at the current level of performance of the student to find out how this 
student performs in comparison to peers.
3. Then I look at the long term goal that has been set for this student. The goal for the 
student is to be at the current level of his/her peers.
4. During initial instruction, some of the student’s scores are above the goal,2 but the 
slope is negative: the line decreases.
5. So a change was made3 to help the student to achieve the goal. This change was 
effective,3 the student is heading towards the goal.2
6. After that another change was made, but this change was less positive.1 The student 
performed less well than in the previous phase.1 The student grows somewhat, but at 
this rate he will not achieve the goal.2 
7. During the next change, intervention 3, we see a small increase. The student’s 
growth is better.1
8. The slope line of phase 4 is again very steep, similar to phase 1,1 but the scores are 
higher.1 I would thus recommend the instruction of phase 4 for this student.3










Note. FR = Framing the data; BL = Baseline data, GS = Goal Setting, P0 = Phase 0 (initial instruction) data, P1 = 
Phase 1 data, P2 = Phase 2 data, P3 = Phase 3 data, P4 = Phase 4 data, GA = Goal Achievement, 1 = data-to-data 
comparison, 2 = data-to-goal comparison, 3 = data-to-instruction link.
Sequential coherence was the extent to which participants described the nine graph 
elements (see Completeness) in a coherent and logical manner. The concept of sequential 
coherence was developed in an earlier study (see Espin et al., 2017), and reflected the 
sequential steps one would take to create and use CBM graphs for evaluation of student 
growth and instructional effectiveness. The ideal sequence is one in which participants 
describe the graph elements in the following order: From the set-up of the graph 
(framing) to baseline, to goal-setting, to the consecutive instructional phases (P0-P4), to 
goal achievement. In the original Espin et al. study, a higher sequential coherence score 
was found to relate to higher expert ratings of teacher think-alouds. 
To code sequential coherence, the number of adjacent think-aloud statements that 
followed the “ideal” sequence were coded, for example, from framing to baseline (1 
ideal sequence), baseline to goal-setting (1 ideal sequence), goal-setting to Phase 0, 
initial instruction (1 ideal sequence), and so forth. If a participant described framing and 
then Phase 4 instruction, it was not scored as an “ideal” sequence. Statements coded 
as “other” were ignored in the sequential coherence coding. Sequential coherence was 
reported as a percentage score, and was calculated by dividing the number of sequences 
in the ideal order by the total number of sequences. Sequences that included a general 
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progress statement were excluded from this calculation. higher sequential coherence 
scores reflected a more coherent think-aloud. Intercoder agreement for sequential 
coherence was 94.44%. 
Round 2: Coding for interpreting and linking the data to instruction
Within the second round of coding, think-alouds were coded for two aspects of 
interpreting the data. We refer to these aspects as data-to-data and data-to-goal 
comparisons. Data also were coded for one aspect of linking the data to instruction. We 
refer to this aspect as data-to-instruction links.6 (In the sample of the coded think-aloud 
in Table 3.1, examples of these comparisons and links are underlined.) 
Data-to-data comparisons were counted when participants compared data in one 
instructional phase to data in another instructional phase. For example, the participant 
might comment on differences in student growth across phases. 
Data-to-goal comparisons were counted when participants compared student 
performance or progress data to the goal line or the end-of-year goal. For example, 
the participant might comment on whether the data indicated that the student was 
on track for achieving the goal. Data-to-goal comparisons could involve comparisons 
with regard to level (e.g., “Student performance is below the goal line”) or rate (e.g., “The 
student was progressing at the expected rate”). 
Data-to-instruction links were counted when participants linked the data in the 
graph to the student’s reading instruction. For example, the participant might comment 
on the fact that a positive slope indicated that the instruction was effective. Intercoder 
agreement for this round of coding was 80.09%.
Coding Procedures for student graphs
Student graphs differed from teacher to teacher because each teacher viewed and 
described graphs from their own students. Recall that student graphs included only 
one instructional phase; thus, think-alouds could not be coded for completeness, 
accuracy, or sequential coherence, as was done for the standard graphs. however, 
they could be coded for interpreting and linking the data to instruction. With regard 
to interpreting the data, only data-to-goal comparisons were coded. (There was only 
one instructional phase, so data-to-data comparisons could not be made.) In sum, data-
to-goal comparisons and data-to-instruction links were coded for the student graphs. 
Intercoder agreement for coding of students graphs was 90.36%.
6 For this round of coding, comparisons or links referring to incorrect choices were not coded. This was 
done because it is the number of correct choices that reflects progress, not the number of incorrect 
choices.








We first report descriptive statistics on the graph-literacy measures for teachers and 
experts. We then report on the think-aloud data for the standard graphs for teachers 
and experts, and then on the student graphs for teachers only. Finally, we report on the 
relation between teachers’ graph literacy and CBM graph comprehension.
Participants’ graph Literacy
Both teachers and experts completed the graph-literacy measures. An independent 
samples t-test and a Mann-Whitney U-test were conducted to compare teachers’ and 
experts’ graph-literacy scores. Scores for self-reported graph-interpretation experience 
were significantly lower for the teachers (M = 2.83, SD = 0.72, range 2-4) than for the 
experts (M = 3.71, SD = 0.49, range 3-4), t(28) = -3.05, p < .01, d = 1.15. Obtained scores 
on the Graph-reading Skills Test were lower for teachers (M =11.57, SD = 2.69, Mdn = 12, 
range 3-14) than for the experts (M = 12.71, SD = 1.38, Mdn = 13, range 11-14), but the 
difference was not significant, U = 56.50, z = –0.93, p > .05. There was a ceiling effect on 
the Graph-reading Skills Test (details reported later).
CbM graph Comprehension: standard graphs
Our first set of analyses focused on teachers’ comprehension of the two standard graphs. 
Average scores across the think-alouds for the two graphs were used in all analyses. 
Teachers’ think-alouds for the standard graphs varied in length from 45.50 to 470.50 
words (M = 204.02, SD = 125.29) and in the number of idea units from 3 to 24.50 idea 
units (M = 11.09, SD = 5.32). Think-alouds for the General-graph, Education-graph, and 
CBM-graph Experts were longer than for the teachers, with an average of 398, 278.25, 
and 556.50 words, and 11.50, 16.25, and 17.67 idea units, respectively.
Reading the data
Descriptive statistics for accuracy, completeness, and sequential coherence (the three 
aspects of reading the data) are reported in Table 3.2. Teachers were fairly accurate in 
their think-alouds, with an average accuracy of 98% (range 87.50-100). Only 6 of the 23 
teachers made any inaccurate statements. Accuracy scores for teachers were similar to 
those of the experts, whose average accuracy ranged from 96% to 100%. 
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CbM graph-comprehension score M (SD) M M M
Accuracy (percentage) 97.53 (4.47) 95.56 100 100
Completeness (score out of 9) 5.72 (2.37) 4.75 7.75 8.33
Sequential coherence (percentage) 51.71 (33.17) 22.98 59.72 85
Data-to-data comparisons (number) 1.67 (1.47) 4 4 4.83
Data-to-goal comparisons (number) 1.72 (1.49) 0.50 1.25 4.17
Data-to-instruction links (number) 0.98 (1.26) 1 2.75 5
Note. Accuracy, completeness, and sequential coherence scores reflect participants’ ability to read CBM data; 
the number of data-to-data and goal-comparisons reflect participants’ ability to interpret CBM data; and the 
number of data-to-instruction links reflects participants’ ability to link CBM data to instruction.
Teachers were moderately complete in their think-alouds, mentioning on average 6 
of 9 possible graph elements in their think-alouds, with scores ranging from 1 to 9. Goal 
achievement and data from instructional phase 1 were described most often, while 
framing, baseline data, and goal setting were described least often. Teachers were more 
complete than the General-graph Experts, who mentioned on average only 5 out of the 
9 graph elements, but less complete than the Education-graph and CBM-graph Experts, 
who both mentioned on average 8 graph elements.
With regard to sequential coherence, results revealed that teachers were moderately 
coherent, with an average sequential coherence of 52%. however, variability was high, 
with scores ranging from 0% (for 5 teachers) to 100% (for 2 teachers). Teachers were 
more coherent in their think-alouds than the General-graph Experts, who had average 
coherence scores of 23%, but less coherent than the Education-graph and CBM-graph 
Experts, who had average coherence scores of 60% and 85%, respectively.
Interpreting and linking the data to instruction
With regard to interpreting the data, teachers made on average 2 data-to-data and 2 
data-to-goal comparisons (see Table 3.2), with a range of 0 to 5.50 comparisons for each. 
Twenty teachers made at least 1 data-to-data comparison and 19 teachers made at 
least 1 data-to-goal comparison. Teachers made fewer data-to-data comparisons (with 
an average of 2) than the General-graph, Education-graph, and CBM-graph Experts, 
who made an average of 4, 4, and 5 data-to-data comparisons, respectively. Teachers 
made more data-to-goal comparisons (with an average of 2) than the General-graph 
and Education-graph Experts, who both made an average of 0.5 to 1 data-to-goal 







comparison, but fewer than the CBM-graph Experts, who made an average of 4 data-to-
goal comparisons.
With regard to linking the data to instruction, results revealed that teachers made on 
average only 1 data-to-instruction link (see Table 3.2), with a range of 0 to 4 links. Only 11 
teachers made at least 1 data-to-instruction link in their think-alouds. Teachers made the 
same number of links as the General-graph Experts, who also made 1 link, but fewer than 
the Education-graph and CBM-graph Experts, who made 3 and 5 links, respectively.
CbM graph Comprehension: student graphs
Our second set of analyses focused on teachers’ comprehension of the student graphs. 
Recall that the student graphs were coded only for interpreting (and only for data-to-
goal comparisons) and for linking data to instruction. Average scores across the think-
alouds of the two student graphs were used in the analyses.7
Interpreting and linking the data to instruction
With regard to interpreting the data, teachers made 1.22 (SD = 0.85) data-to-goal 
comparisons, with a range from 0 to 4. Twenty teachers made at least 1 data-to-goal 
comparison. With regard to linking the data to instruction, teachers made 0.28 (SD = 0.58) 
data-to-instruction links, with scores ranging from 0 to 2. Only six teachers made at least 
1 data-to-instruction link in their think-alouds for the student graphs.
CbM graph Comprehension: standard versus student graphs
To compare results across standard and student graphs, the proportion of teachers who 
made at least one data-to-goal comparison or data-to-instruction link was calculated. 
The results of two McNemar’s tests using a binominal distribution revealed no significant 
difference in the proportion of teachers who made at least one data-to-goal comparison 
for the standard graphs (83%) and the student graphs (87%), p > .05, and no significant 
difference in the proportion of teachers who made at least one data-to-instruction link 
for the standard graphs (48%) and the student graphs (26%), p > .05.
relation between graph Literacy and CbM graph Comprehension
Correlational analyses were conducted to examine the relations between teachers’ 
graph literacy, as measured via a self-report question and a Graph-reading Skills Test, 
and their comprehension of the standard and student CBM graphs, as measured via 
think-alouds. 
7 One teacher described only one student graph. In the analyses, her scores for that one graph were used 
as the average score.
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Prior to the correlational analyses, accuracy and sequential coherence scores were 
transformed with arcsine-square root transformation because proportion variables do 
not have a normal distribution (Cohen & Cohen, 1983; Osborne, 2009). For the standard 
graphs, teachers’ (transformed) think-aloud scores (i.e., accuracy, completeness, 
sequential coherence, number of data-to-data and data-to-goal comparisons, and 
number of data-to-instruction links) were all normally distributed. For the student 
graphs, teachers’ think-aloud scores (i.e., number of data-to-goal comparisons and data-
to-instruction links) were not normally distributed. For analyses involving variables that 
were non-normally distributed, non-parametric tests were used. Kendall’s tau (t) was 
used rather than Spearman’s rho for those non-parametric tests because our sample was 
small and included tied ranks for the think-aloud scores (Field, 2009). For the analyses 
involving variables that were normally distributed, Pearson (r) was used. Results of the 
correlational analyses are reported in Table 3.3.
Relation between self-report question and CBM graph comprehension
Teachers’ mean score on the self-report question about graph-interpretation experience 
was 2.83 (SD = 0.72, range 2-4), and their scores were normally distributed. Teachers’ 
scores for the self-report question correlated significantly with sequential coherence 
scores (r = .48, p < .05) and with the number of data-to-goal comparisons (r = .65, p < .01) 
and data-to-instruction links (r = .43, p < .05) made for the standard graphs. In addition, 
teachers’ scores for self-report question correlated significantly with the number of data-
to-instruction links made for the student graphs (r = .52, p < .01). No other correlations 
were significant (see Table 3.3).
Relation between Graph-reading Skills Test and CBM graph comprehension
Two teachers did not complete the Graph-reading Skills Test, and were thus not included 
in analyses with scores for this test. Teachers’ mean score on the Graph-reading Skills 
Test was 11.57 (SD = 2.69, range 3-14) out of 14. Teachers’ scores for this test were not 
normally distributed; the distribution of scores was strongly negatively skewed and 
kurtotic (standardized skewness = -4.06 and standardized kurtosis = 4.63). A relatively 
large number of items on the test were answered correctly by all, or nearly all, teachers. 
Therefore, we conducted an item analysis to identify which items discriminated best, 
and correlational analyses that included scores for the Graph-reading Skills Test were 
conducted both with the scores on the total test (14 items) and with scores on the 
discriminating items only (see Table 3.3).
































































































































































































































































































   




   























































































To select items that were discriminating, difficulty levels and discrimination indices 
for each item were calculated. Difficulty levels (p-values) were calculated by dividing the 
number of teachers who answered the item correctly by the total number of teachers 
completing the test. Discrimination indices (d-values) were calculated by subtracting 
the proportion of teachers from the bottom quartile (27%, to be exact, n = 6) who 
answered the item correctly from the proportion of teachers in the top quartile (27%, n 
= 6) who answered the item correctly (Reynolds & Livingston, 2015). Scores on the test 
for teachers in the bottom group ranged from 3 to 11, and for teachers in the top group, 
ranged from 13 to 14 (the maximum score).
Guidelines suggested by Reynolds and Livingston (2015) were used to identify and 
select the most discriminating items. Items with p-values below .90 and d-values above 
.30 were selected as discriminating items. Five items met those criteria. Two of those five 
items represented the reading between the data component of graph comprehension, 
and the other three items represented the reading beyond the data component. 
For teachers’ total scores on the Graph-reading Skills Test, the correlations between 
test scores and CBM graph-comprehension scores ranged from -.34 to .14, and none 
were significant (see Table 3.3). For the five discriminating items, the correlations 
between test scores and CBM graph-comprehension scores ranged from -.25 to .46 and 
were only significant for the number of data-to-instruction links made for the student 
graphs (t = .46, p < .05). No other correlations were significant.
disCussion
The purpose of this study was to examine inservice teachers’ CBM graph comprehension, 
and to explore the influence of factors that might affect that comprehension. We 
employed a think-aloud strategy, and collected data from teachers on both standard 
and student CBM progress graphs. For the standard graphs, we also included data from 
three types of gold-standard graph-reading experts. Finally, we examined the relation 
between teachers’ graph literacy and CBM graph comprehension.
CbM graph Comprehension: standard graphs
Reading the data
Teachers’ comprehension of the CBM standard graphs was reasonably good. Teachers’ 
think-alouds were accurate and were moderately complete and coherent. In fact, 
teachers’ performance on these three reading the data aspects was similar to, or even 
better than, that of the General-graph-reading Experts. Especially interesting was the 







fact that teachers were much better at coherently describing the CBM graphs than 
were General-graph Experts, illustrating the importance of educational knowledge in 
the comprehension of CBM graphs. The General-graph Experts had ample experience 
and skill with graph reading, but not with reading graphs that displayed the progress 
of students with reading difficulties. The teachers, in contrast, had more educational 
knowledge than the General-graph Experts, and this knowledge apparently provided 
teachers with enough information to read and describe the CBM graphs in a more 
coherent manner than the General-graph Experts. Supporting this explanation is the 
fact that sequential coherence scores for the teachers were only somewhat lower than 
scores for the Education-graph Experts. The difficulties experienced by the General-
graph Experts were surprising, given the fact that, prior to completing the think-alouds, 
participants were shown a sample graph and were more or less told what was on the 
graph. Yet telling a coherent “story” about a CBM graph proved to be a challenge for the 
General-graph Experts.
Although comparing the teachers’ performance on reading the data to that of the 
General-graph Experts paints a positive picture, comparing it to the Education-graph 
and CBM-graph Experts paints a bleaker picture. In other words, although the teachers’ 
performance was not bad, there was plenty of room for improvement. Compared to 
both the Education-graph and CBM-graph Experts, teachers were less complete in their 
think-alouds, and compared to the CBM-graph Experts, they were far less coherent. The 
differences between teachers and CBM-graph Experts replicate the findings of Wagner 
et al. (2017), who found that think-alouds for preservice teachers’ were less complete 
and sequentially coherent than think-alouds for CBM experts.
Comparing the teachers’ data from our study to that from Espin et al.’s (2017) study 
provides support for the idea that there is room for improvement for the teachers. Espin 
et al. examined think-alouds of experienced CBM users. Teachers in the Espin et al. study 
had an average of 12 years of experience using CBM to monitor student progress, and 
had generated an average of 160 CBM progress graphs. Teachers in our study were new 
to CBM, had not received intensive CBM training, and had used CBM for only a short 
period of time to collect data on student progress. The average sequential coherence 
for the teachers in the Espin et al. study was 71%, compared to 52% for teachers in 
this study, suggesting that with training and experience, teachers’ ability to read CBM 
graphed data improves. however, even the experienced teachers in Espin et al.’s study 
were not as coherent as the CBM-graph Experts from this/Wagner et al.’s (2017) study. 
Thus far, we have considered only the teachers’ mean scores on the reading the 
data aspects, but it is also informative to consider the variation in scores. The range of 
teachers’ scores for sequential coherence was 0% to 100%, with five teachers having a 
sequential coherence score of 0%, and for completeness, it was 1 to 9 (graph elements 
Chapter 3
48
mentioned). Such variation in scores might be expected, given the fact that people differ 
in their general ability to understand and interpret graphs (Galesic & Garcia-Retamero, 
2011), yet this variation demonstrates that some teachers have great difficulty reading 
CBM graphs. It is perhaps worthwhile to note that even in the Espin et al. (2017) study, 
where participants were experienced CBM users, wide variation was seen in sequential 
coherence scores (from 56% for teachers who had lower levels of understanding and 
interpretation of CBM data, to 89% for teachers who had higher levels of understanding 
and interpretation of CBM data). In sum, it seems fair to say that some teachers are 
in need of more support than others in learning to read CBM graphs. Given the fact 
that teachers often are expected to share data from CBM progress graphs with team 
members and/or parents, it will be important to provide additional or different training 
for teachers who experience difficulties reading CBM graphs.
Interpreting and linking the data to instruction
Examination of the outcomes for the interpreting and linking the data aspects shows a 
somewhat different pattern of outcomes than for the reading the data aspects. Teachers 
made fewer within-the-data (data-to-data and data-to-goal) comparisons than all three 
groups of experts, and fewer data-to-instruction links than the Education-graph and 
CBM-graph Experts. It would seem that the skills of interpreting and linking the data to 
instruction are more difficult than reading the data for the teachers. however, if there 
is “good news,” it is that these skills also seem to be relatively difficult for the General-
graph and Education-graph Experts. For example, although the teachers made fewer 
within-the-data comparisons (almost 3.5) than the General-graph and Education-graph 
Experts (4.5 and 5.25 respectively), all three groups made fewer comparisons than the 
CBM-graph Experts, who made 9 such comparisons. For linking the data to instruction, 
although both teachers and General-graph Experts made fewer links (1 each) than the 
Education-graph Experts (2.75), all three groups made fewer links than the CBM-graph 
Experts, who made 5 such links. The pattern of differences among the four groups of 
participants supports Curcio’s (1981) and Friel et al.’s (2001) contention that reading 
between and beyond the data is more difficult than reading the data, and suggests that 
teachers are in need of specific, directed instruction on how to interpret CBM data and 
on how to link it to instruction.
CbM graph Comprehension: student graphs
It is possible that teachers’ difficulties with interpreting CBM data and linking it to 
instruction were related to the fact that the standard graphs presented fictitious 
information that was not directly relevant to the teachers. Thus, we also examined 
teachers’ comprehension of student graphs. We anticipated that teachers would be 







more likely to make data-to-goal comparisons and data-to-instruction links if graphs 
were from their own students. With student graphs, teachers could bring to bear 
specific knowledge about the students and the students’ instruction. Our expectations 
were not, however, supported by the data.
Although the percentage of teachers who made data-to-goal comparisons was 
similar for the standard and student graphs (83% and 87% respectively), the percentage 
of teachers who made data-to-instruction links was not. Even though the difference 
was not significant, it was fairly large and was not in the expected direction (48% for 
standard graphs, 26% for student graphs). The difference might be due to chance 
alone, or might merely reflect the fact that there were more “phases” of instruction on 
the standard graphs, and thus, more opportunities for teachers to reflect on the link 
between the data and instruction in those graphs (although, do recall, we did not 
compare the raw number of statements, but rather the percentage of teachers who 
made at least one such link). however, if such a difference were to be replicated in a study 
with a larger sample size, it might reflect the fact that teachers find it difficult, or even 
threatening, to evaluate instructional effectiveness as it relates to their own students 
and their own reading instruction. Regardless of the reasons for the difference, our data 
suggest that in future research, it would be wise to consider the fact that teachers’ CBM 
graph comprehension might differ for standard versus student graphs, and that their 
comprehension of student graphs might be affected by emotional factors.
relation between graph Literacy and CbM graph Comprehension
As a last step in the analyses, we examined the relation between teachers’ graph literacy 
and their CBM graph comprehension. In sum, results revealed that teachers’ self-
reported graph-interpretation experience was related to some, but not all, aspects of 
their CBM graph-comprehension ability. Teachers’ scores on the Graph-reading Skills 
Test, however, were not related to any aspect of CBM graph comprehension. 
Teachers with higher self-ratings on the graph-interpretation experience question 
produced more coherent think-alouds, and made more data-to-goal comparisons for 
the standard graphs, and more data-to-instruction links for both the standard and 
student graphs, than teachers with lower self-ratings. These results are in line with the 
results of Xi (2010) who found that participants who were more familiar with graphs – 
as measured with a self-report measure – provided graph descriptions that were better 
organized and more sophisticated than participants who were less familiar with graphs.
Although the results related to the self-report measures suggest that graph literacy 
is important for CBM graph comprehension, conclusions must be tempered by the 
fact that no relations were found between scores on the Graph-reading Skills test and 
CBM graph comprehension. Results were likely affected by the restricted range of 
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scores caused by the ceiling effect on the Graph-reading Skills Test scores. however, 
even the analyses conducted with the five most discriminating items resulted in only 
one statistically significant relation: Teachers with higher scores on the five items made 
more data-to-instruction links in their think-alouds for student graphs than did teachers 
with lower scores for those items. 
The ceiling effect found on the Graph-reading Skills Test was disappointing. We based 
the test on one used by Galesic and Garcia-Retamero (2011), who reported promising 
psychometric properties for the test. however, participants in that study were sampled 
from the general population. In their German and U.S. samples, respectively 79% and 
72% of the participants were lower educated people (i.e., people who completed 
high school or less). The teachers in our study were more highly educated, with all of 
them having completed post-secondary teacher education programs, and some of 
them having completed or completing a university-level Bachelor or Master of Science 
program. This difference in education might explain why our teachers scored better on 
the Graph-reading Skills Test than the participants in the Galesic and Garcia-Retamero 
(2011) study. 
To summarize, our results provide tentative support for the importance of graph 
literacy on teachers’ CBM graph comprehension. Most important is the fact that for both 
the self-report measure and the Graph-reading Skills Test (discriminating items only, and 
student graphs only), a relation was found between graph literacy and teachers’ ability 
to link the data to instruction. At the very least, it seems reasonable to suggest that 
researchers and trainers must take into consideration teachers’ level of graph literacy 
when providing instruction or conducting research on CBM graph comprehension. 
Limitations and recommendations for future research
A major limitation of this study was that the relation between teachers’ CBM graph 
comprehension and teachers’ use of the data for instructional decision-making, and the 
resulting effect on student achievement, was not examined. Such a comparison is the 
next logical step in this line of research.
A second limitation of the study was the small sample size, which limited the 
external validity of the results. All participating teachers were from a specific region in 
the Netherlands. Given the exploratory, descriptive nature of the study, the sample size 
was appropriate. Nonetheless, it will be important to replicate key findings of this study 
with a larger, more representative sample, including teachers from different regions 
and/or countries. When replicating the key findings with a larger sample size, it would 
be important to examine the potential moderating effects of teacher characteristics on 
teachers’ comprehension of CBM graphs.
A third limitation was the think-aloud approach we chose to use in the study. We 







used an open-ended think-aloud, and provided general instructions to teachers (and 
experts), merely saying “describe what you see.” It might have been tempting for 
teachers to ignore parts of the graph that they did not understand. The relatively 
high accuracy scores combined with the moderate completeness scores support this 
argument; that is, although what teachers said in their think-alouds was usually accurate, 
they did not talk about all elements of the graph. An alternative approach would be to 
ask teachers to describe the graph as if they were talking to a student’s parent. Such an 
approach might encourage teachers to attend to all graph elements, and might make 
the task more realistic for teachers.
A final limitation of the study was that student graphs had a different lay-out and 
depicted less information than the standard graphs, and that they differed from teacher 
to teacher. These differences made it somewhat challenging to compare teachers’ 
performance on the standard and student graphs, and to compare performance on 
the student graphs across teachers. Although including student graphs introduced 
challenges, it could also be viewed as a major strength of the study because the student 
graphs presented teachers with a more authentic situation than the standard graphs. 
final Thoughts: do Teachers need to Comprehend CbM graphs?
As a final point in the discussion, we wish to raise the issue of whether teachers actually 
need to comprehend CBM graphs in order to effectively use the graphed data to 
make instructional decisions. In other words, how important is it for teachers to read, 
interpret, and link CBM data to instruction, given the fact that computer-based progress-
monitoring programs can provide teachers with recommendations or prompts to raise 
the goal or to change instruction?
This question is an empirical question that must be answered in future research, 
but it is worthwhile to reflect on the question here. We would argue that, even with 
computer-generated decision-making supports, it is necessary for teachers to be 
proficient at reading, interpreting, and linking CBM data to instruction. There are 
several reasons to believe that computer technology alone will not be enough to guide 
teachers’ instructional decision-making.
First, as mentioned earlier, teachers often must describe and discuss progress 
data with team members and/or parents. To explain student progress data effectively, 
teachers must be able to read and interpret CBM graphs, and be able to link the data to 
instruction.
Second, CBM data patterns can be ambiguous, potentially leading to two different 
but “correct” decisions (Espin, Saab, Pat-El, Boender, & van der Veen, 2018). In such 
situations, it is imperative that teachers be able to combine CBM progress data with 
other information about the student to arrive at the “best” decision for that student. 
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Teachers must correctly recognize the ambiguity that is inherent in some data patterns, 
and be willing to think beyond the recommendation provided by a progress-monitoring 
program (Deno, 2013).
Finally, computer-generated instructional recommendations alone are not enough 
to ensure that teachers respond to CBM data. That is, even when prompted to do so 
via the computer, teachers sometimes do not respond to the data by raising the goal 
or changing instruction (see L. S. Fuchs & Fuchs, 2002; Stecker et al., 2005, for reviews). 
There are several potential explanations for teachers’ non-response. One may be that 
teachers doubt the meaningfulness and usefulness of data for instructional decision-
making (Foegen, Espin, Allinder, & Markell, 2001; Landrum, Cook, Tankersley, & Fitzgerald, 
2007), and thus may not trust the instructional recommendations provided by progress-
monitoring programs. Improving teachers’ comprehension of CBM data might improve 
their belief in the data, and thereby their willingness to respond to the data. A second 
explanation may be that teachers have to be involved with the data in order to make 
effective data-based decisions. L. S. Fuchs and Fuchs (L. S. Fuchs, 1988; L. S. Fuchs & Fuchs, 
1989) suggested that computer applications can distance teachers from CBM data, and 
thereby limit teachers’ meaningful interpretation and use of the data. Supporting this 
idea is a study by L. S. Fuchs, Fuchs, and hamlett (1989a) that showed that enhancing 
teacher involvement with computer-managed CBM led to improvements in timing of 
goal and instructional changes. 
Conclusion
In conclusion, the results of the present study reveal that comprehension of CBM graphs 
is not as straight forward as one might assume. Some of our teacher participants were 
unable to read and describe CBM graphs in a complete and coherent manner, and 
most of the teachers experienced difficulty with interpreting the data and linking it to 
instruction, suggesting that teachers need training in or help with reading, interpreting, 
and linking CBM data to instruction. Such training should be provided to preservice 
teachers as part of their education, and to inservice teachers in the form of professional 
development courses. If teachers do not read the data accurately, completely, and 
coherently, or do not make within-the-data comparisons or data-to-instruction links, 
it is possible that use of CBM will not lead to improvements in instruction and student 
achievement. If teachers are expected to base their instructional decisions for students 
with learning difficulties on data, teachers must be equipped to comprehend graphed 
student progress data in a way that enables them to engage in data-based decision-
making, and then to become successful problem solvers.








description of the sample CbM graph 
In the graph you see the baseline level of the student (point to baseline data). The 
baseline phase shows the student’s level of performance compared to peers at the start 
of the school year (point to peer data). The baseline data are used to set a long-range 
goal for the student for the end of the school year (point to goal line and end point of 
goal line). In the graph you can see the initial instructional phase for this student (point 
to first phase), followed by four phases representing changes to that instruction (point to 
phases). For each phase, you can see the student’s response to the reading instruction in 
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In this explorative, descriptive eye-tracking study we examined how teachers visually 
inspect curriculum-based measurement (CBM) progress graphs. More specifically, 
we examined how long teachers looked at the various elements of CBM graphs, and 
whether they inspected those elements in a logical sequence. Participants were 17 
fifth- and sixth-grade teachers who had collected CBM progress-monitoring data for 
students with reading difficulties/dyslexia in their classes over a period of 10-12 weeks. 
Data from a CBM expert were collected to provide a frame of reference for interpreting 
the teachers’ eye-tracking data. Participants described two CBM graphs while their 
eye-movements were registered. Results revealed that, as a group, teachers devoted 
less visual attention to important graph elements and inspected the graph elements 
in a less logical sequence than did the CBM expert; however, there was variability in 
teachers’ patterns of graph inspection. Directions for future studies and implications for 
practice are discussed.







TeaCHers’ insPeCTion PaTTerns of CurriCuLuM-based 
MeasureMenT Progress graPHs: an eYe-TraCKing sTudY
Teachers who work with students with severe and persistent reading difficulties are 
expected to provide the students with additional, specialized, individualized reading 
instruction, and to closely monitor the progress of the students and to evaluate the 
effectiveness of instruction. One system particularly suited for closely monitoring 
student progress is curriculum-based measurement (CBM; Deno, 1985).
Curriculum-based Measurement (CbM)
CBM is a system designed for teachers to use to monitor the progress of students with 
learning difficulties, and to evaluate the effectiveness of instruction for those students 
(Deno, 1985, 2003). CBM involves frequent, repeated, administration of short, simple 
measures that sample global performance in an academic area, for example, in reading. 
Scores from the measures are placed on a progress graph that depicts an individual 
student’s progress over time.
CBM progress graphs typically include baseline data for the student and his/
her peers, a long-range goal, a goal line that extends from the baseline to the long-
range goal, and several instructional phases that are separated by vertical lines. Within 
each phase of instruction, data points representing the student’s scores on the CBM 
measures and a slope line representing the student’s rate of growth within that phase 
are depicted.
The progress graph lies at the heart of CBM. The graph depicts student growth in 
response to the instructional program being provided, and thus, forms the basis for 
instructional decision-making (Deno, 1985). Teachers are supposed to visually inspect 
the CBM graphs on a regular and frequent basis to evaluate whether students are making 
adequate progress and are benefitting from instruction. If the student’s slope line is 
below and/or less steep than the goal line, it signals a need for change in instruction. 
If the slope line is above and steeper than the goal line, it signals a need to raise the 
long-range goal. CBM graphs not only guide teachers’ instructional decision-making, 
they also foster communication in team meetings or parent conferences about student 
progress and about the effects of instructional programs (Deno, 2013). 
In order to use the CBM graphs to make instructional decisions, and to communicate 
information about student progress and the effects of instructional programs, teachers 
must be able to read and interpret – that is, to comprehend – the CBM graphs. however, it 




Graph comprehension is defined as the ability to “derive meaning from graphs” (Friel, 
Curcio, & Bright, 2001, p. 132) and refers to a graph viewer’s ability to read and interpret 
graphs. Graph comprehension is influenced by both the characteristics of the graph and 
of the viewer (Friel et al., 2001), each of which has been addressed in recent research on 
CBM graph comprehension. With regard to the characteristics of the graph, research has 
demonstrated that factors such as the relative position of the slope line to the goal line 
and the relative position of slope lines across adjacent instructional phases, affect the 
ease with which viewers answer instructional decision-making questions (Espin, Saab, 
Pat-El, Boender, & van der Veen, 2018). In addition, research has demonstrated that the 
magnitude of the slope, the variability in the data, the presence of outliers in the data, 
and the use of visual aids all affect CBM graph comprehension (e.g., Newell & Christ, 
2017; van Norman & Christ, 2016). 
With regard to the characteristics of the viewer, a series of descriptive studies 
have demonstrated that both preservice and inservice teachers have difficulty 
comprehending CBM graphs (Espin, Wayman, Deno, McMaster, & de Rooij, 2017; Wagner, 
hammerschmidt-Snidarich, Espin, Seifert, & McMaster, 2017). Because the focus of the 
present study is on the CBM graph viewer, we review those studies in more detail in the 
following section.
CbM graph Comprehension: The Viewer
In one of the first studies conducted to examine teachers’ CBM graph comprehension, 
Espin et al. (2017) asked 14 inservice teachers to “think out loud” while reading and 
describing CBM graphs. Teachers’ thinks-alouds were rated as to the extent to which 
they reflected knowledge about CBM, and were scored for accuracy, coherence, 
specificity, and reflectivity. Scores for the higher- and lower-rated think-alouds were 
then compared. higher-rated think-alouds were found to be more accurate, coherent, 
specific, and reflective than lower-rated think-alouds. Interestingly, no relation was 
found between the CBM knowledge ratings of teachers’ think-alouds and teachers’ 
years of experience with using CBM. 
In a subsequent study, Wagner et al. (2017) used the think-aloud approach to 
examine CBM graph comprehension for preservice teachers (N = 36). To provide a 
frame of reference for interpreting the preservice teachers’ data, a small group of “gold-
standard” CBM experts (N = 3) also was included in the study. These gold-standard 
experts were pioneers of CBM. Both preservice teachers and CBM experts completed 
think-alouds for two researcher-made CBM graphs. Results revealed that the preservice 
teachers were less accurate, complete, coherent, specific, and reflective in their think-
alouds than the CBM experts.







Although the results of the Wagner et al. (2017) and Espin et al. (2017) studies 
demonstrated that CBM graph comprehension was difficult for teachers, the Wagner 
et al. study included only preservice teachers, and the Espin et al. study included 
only a small number of inservice teachers. In addition, in neither study the question 
was addressed of whether difficulties with CBM graph comprehension were unique 
to teachers. In other words, were teachers not good at reading and interpreting CBM 
graphs, or were the CBM graphs difficult to read and interpret? 
In a subsequent study, van den Bosch, Espin, Chung, and Saab (2017) replicated and 
extended Wagner et al.’s (2017) study. Participants were inservice teachers (N = 23) and 
three small groups of “gold-standard” experts: General-graph experts who had PhDs and 
were assistant professors in statistics (N = 2), Education-graph experts who had PhDs 
and worked for a Dutch educational assessment company (N = 2), and CBM experts 
(N = 3). For the CBM experts, the data from the Wagner et al. study were used (with 
permission). All participants completed think-alouds for the same researcher-made 
CBM graphs that had been used by Wagner et al. While completing the think-alouds, 
participants’ eye movements were registered. Teachers additionally completed think-
alouds for two graphs from students with reading difficulties/dyslexia. The teachers had 
collected CBM progress-monitoring data for these students over a period of 10 to 12 
weeks. The results of this study related to the think-aloud data were reported in van 
den Bosch et al., and revealed that, similar to the findings of Wagner et al. for preservice 
teachers, inservice teachers had more difficulty reading and interpreting the researcher-
made CBM graphs than did the CBM experts. however, the data also revealed that 
difficulties with CBM graph comprehension were not unique to teachers and, further, 
that teachers experienced difficulties with the interpretation of both researcher-made 
and student graphs.
In the present paper, we report the results of this study related to the eye-movement 
data. however, because the think-aloud and eye-movement data from the study are 
closely linked, in the following section we provide a more detailed description of the 
methods and results related to the think-aloud data. This information is important for 
understanding the design and the methods of the present study.
CbM graph Comprehension: Teachers versus “gold-standard” experts
The think-aloud data that were collected as part of the larger study were coded for 
accuracy, completeness, sequential coherence, data-to-data comparisons, data-to-goal 
comparisons, and data-to-instruction links (see van den Bosch et al., 2017). Accuracy 
reflected the percentage of statements made in the think-alouds that were correct. 
Completeness reflected the number of relevant graph elements mentioned in the think-
alouds (out of 9). Sequential coherence reflected the percentage of statements made in 
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the think-alouds that followed an “ideal” sequence. The ideal sequence represented the 
order in which CBM graphs are used for instructional decision-making, and included 
Framing (i.e., describing the set-up of the graph), Baseline, Goal setting, Instructional 
phases 0 to 4, and Goal achievement (Espin et al., 2017). Data-to-data comparisons and 
data-to-goal comparisons – collectively referred to as within-the-data comparisons – 
reflected the number of times participants compared the data points or slope lines from 
one instructional phase to another or the number of times they compared the data 
points or slope lines to the long-range goal or goal line. Finally, data-to-instruction links 
reflected the number of times participants linked the data points or slope lines to the 
student’s reading instruction.
For the researcher-made graphs, the teachers’ think-alouds were, on average, found 
to be less complete and coherent than those of the CBM experts (van den Bosch et al., 
2017). Moreover, the data revealed that teachers made, on average, fewer within-the-
data comparisons (i.e., data-to-data and data-to-goal comparisons) and fewer data-to-
instruction links than the CBM experts. 
CBM graph-comprehension difficulties, however, were not unique to teachers. The 
General-graph and Education-graph experts also were less complete and coherent 
in their think-alouds than the CBM experts, and also made fewer within-the-data 
comparisons and fewer data-to-instruction links than the CBM experts (van den Bosch 
et al., 2017). 
With regard to the student graphs, the researchers had anticipated that teachers 
would be more likely to make data-to-instruction links for these graphs than for the 
researcher-made graphs because the data would be more “real” for the teachers, and 
thus more closely linked to the students’ instruction. however, results did not support 
this assumption. Whereas for the researcher-made graphs 11 out of 23 teachers made at 
least one data-to-instruction link, for the student graphs only 6 out of 23 teachers made 
at least one such link (van den Bosch et al., 2017). 
In sum, and as mentioned earlier, the results of the think-aloud portion of the study 
demonstrated that: (1) CBM graph comprehension was not simple; (2) difficulties with 
CBM graph comprehension were not unique to teachers; and (3) difficulties with CBM 
graph comprehension were not limited to researcher-made graphs. What could not 
be discerned from the think-aloud data was whether teachers’ difficulties with CBM 
graph comprehension would be reflected in the ways in which they inspected the 
graphs. By collecting eye-movement data, we could examine teachers’ patterns of CBM 
graph inspection as they read and interpreted the graphs. To register the teachers’ eye-
movements, we used eye-tracking technology.








Eye-tracking technology is used to register people’s eye movements while completing 
a visual task. Eye movements reveal how people allocate their visual attention while 
viewing the stimulus and completing the task, and can provide insight into the cognitive 
strategies that people use while completing the task (Duchowski, 2017). In various 
fields of research, such as medicine, sports, biology, and meteorology, eye-tracking 
technology has been used to examine differences between experts and novices in 
the comprehension of visual stimuli and in the strategies used to complete visual 
tasks (e.g., Al-Moteri, Symmons, Plummer, & Cooper, 2017; Canham & hegarty, 2010; 
Gegenfurthner, Lehtinen, & Säljö, 2011; Jarodzka, Scheiter, Gerjets, & van Gog, 2010). 
A consistent key finding that has emerged from these “expert/novice” studies is that, 
compared to novices, experts devote more attention to the task-relevant parts of the 
visual stimuli and approach visual tasks in a more goal-directed or systematic manner. 
Specific to the field of graph comprehension, eye-tracking technology has been 
used to study peoples’ patterns of graph inspection while reading and interpreting 
graphs (e.g., Carpenter & Shah, 1998; Peebles & Cheng, 2003). Two studies used eye-
tracking technology to compare experts to novices. In an early study, Vonder Embse 
(1987) compared experts and novices in mathematics as they read mathematical graphs. 
Results demonstrated that the experts fixated significantly longer on important parts of 
the graphs than did novices. These differences were associated with comprehension of 
the graphs: Experts performed better in a performance task measuring understanding 
of the graphs than did novices. 
In a more recent study, Okan, Galesic and Garcia-Retamero (2016) also compared 
“experts” and “novices”, however, in this study expertise was defined in terms of 
graph literacy skills (i.e., general knowledge about graphed data). More specifically, 
the researchers compared participants with low and high graph literacy while the 
participants interpreted health-related graphs. The researchers found that participants 
with high graph literacy devoted more time viewing the relevant features of the graph, 
whereas participants with low graph literacy focused more often on misleading graph 
features and misinterpreted the data presented by the graphs.
In sum, results of these two studies fit with results of eye-tracking studies in other 
fields: Compared to novices, experts tend to focus more on the task-relevant aspects 
of the graph, that is, the parts that are important for reading and interpreting graphs.
eye Tracking and CbM graph Comprehension
To the best of our knowledge, the present study is the first study that has employed 
eye-tracking technology to examine peoples’ graph inspection patterns while reading 
and interpreting CBM graphs. Examining teachers’ patterns of CBM graph inspection 
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is important because it can contribute to the overall understanding of teachers’ ability 
to comprehend CBM graphs. Whereas think-aloud data reveal what participants are 
thinking about when reading and interpreting the graphs (i.e., the content), eye-
tracking data can provide additional insight into the visual approaches participants use 
to inspect the graphs (i.e., what elements they look at and in which order). Given that 
there are no previous studies focusing on teachers’ eye movements while inspecting 
CBM graphs, we felt it was important to have a frame of reference for interpreting the 
teachers’ data. Therefore, think-aloud and eye-tracking data also were collected from 
one CBM expert who completed the same tasks as the teachers.
Purpose of the study
The present study was an exploratory, descriptive study, designed to examine how 
teachers visually inspect CBM graphs. The goals of the study were to examine: (1) 
how long teachers looked at the various elements of CBM graphs, and (2) whether 
teachers inspected those elements in a logical sequence. Data from one CBM expert 
are presented to provide a frame of reference for interpreting the teachers’ data. As 
described earlier, this study was part of a larger study on teachers’ comprehension of 
CBM graphs in which both think-aloud and eye-tracking data were collected. The results 
of the think-aloud portion of the study have been reported elsewhere (van den Bosch et 




Participants were 17 fifth- and sixth-grade teachers (15 female, 2 male; M
age
 = 42.9 years, 
SD = 11.77, range 26-60) from eight different schools in the Netherlands, and were 
recruited via convenience sampling. All teachers had completed a teacher education 
program and held bachelor’s degrees in education. One teacher also held a master’s 
degree in psychology. On average the teachers had 17.82 years (SD = 10.11, range 5-37) 
of teaching experience. All teachers had students with reading difficulties/dyslexia in 
their classes.
The original sample consisted of 23 teachers (19 elementary- and 4 secondary-
school teachers). For purposes of the eye-tracking portion of the study, only data for 
the elementary-school teachers were included. In addition, data for two teachers were 
excluded because they completed a University course on CBM taught by the CBM 







expert included in this study.
Although familiar with progress monitoring in general (i.e., by using the data of 
standardized tests that are administered once or twice a school year), most teachers 
were not familiar with CBM progress-monitoring; that is, 16 of the 17 teachers reported 
that they had never heard of CBM. The one teacher that had heard of CBM had never 
implemented CBM nor received specific training in CBM. Thus, all teachers in the final 
sample were new to CBM.
CBM expert
As was done in the Wagner et al. (2017) study, expert data was included to provide a 
frame of reference for interpreting the teachers’ data. Unfortunately, no eye-tracking 
data were collected from the three CBM experts who were included in the Wagner et al. 
study and served as a frame of reference for interpreting the teachers’ think-aloud data 
(van den Bosch et al., 2017). To provide a frame of reference for interpreting the teachers’ 
eye-tracking data, we thus included data from a different CBM expert. 
The CBM expert included in the present study was a University professor in the area of 
learning disabilities, and held a Ph.D. in educational psychology/special education. The 
CBM expert had more than 23 years of experience conducting research and training on 
CBM, had published more than 45 articles, book chapters, and other documents on the 
topics of CBM and/or reading, and had given numerous presentations and workshops 
on CBM. It should, however, be noted that the CBM expert is the second author on the 
present paper. The CBM expert completed the tasks prior to the data collection, coding, 
and analysis of the teachers’ data, but was aware of the goals of the study.
Given that there was only one CBM expert, and the fact the expert was an author 
on the paper, it was important to examine the extent to which the think-aloud data 
from the CBM expert in this study were similar to the think-aloud data from the CBM 
experts in the Wagner et al. (2017) study. The graphs used across studies were nearly the 
same (see following section), allowing for comparison. The comparison revealed that 
the think-alouds from the CBM expert in this study were similar to those of the CBM 
experts from the Wagner et al. study in terms of accuracy (100% for all four experts), 
completeness (9 out of 9 graph elements mentioned for our expert and 9, 8, and 8 
graph elements mentioned for the other three experts), and sequential coherence (85% 
for our expert and 80%, 100%, and 75% for the other three experts; data reported in 
Wagner et al., 2017). With regard to the number of data-to-data, data-to-goal, and data-
to-instruction comparisons/links our expert made more of these comparisons/links 
(21) than did the other three experts (12.5, 13.5, and 16); however, all four experts had 
made many more comparisons/links than did the teachers (4.5; data reported in van 
den Bosch et al., 2017).
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Figure 4.1. CBM graphs used in this study with the following AOIs (as depicted by the light grey 
areas): Framing (i.e., graph title, titles axes, x- and y-axis, legend), Baseline (i.e., title, data student, 
data peers), Starting point (beginning point goal line), Instructional phases 0-4 (i.e., titles and data), 
Incorrect choices (triangles at bottom of graph), and Long-range goal (ending point goal line). 
Figure adapted from Wagner et al. (2017; used with permission).
Materials: CbM graphs
The two researcher-made CBM graphs used in this study depicted fictitious but realistic 
student data (see Figure 4.1; note that the light grey areas on the graphs represent 
the Areas of Interest [AOIs; see Coding of the Eye-tracking Data section] and were not 
shown to the participants). Each graph included a legend, baseline data for the student 







and peers, a long-range goal, a goal line, and five phases of instruction, each with data 
points and a slope line. The data points and data patterns differed across the two graphs. 
The order in which the graphs were presented was counterbalanced (AB vs. BA) across 
teachers.
The graphs were slightly modified versions of the graphs used by Wagner et al. 
(2017). The graph titles, scales, and labels were changed to reflect CBM maze-selection 
rather than reading-aloud scores. This was done because the progress-monitoring data 
that the teachers collected as part of the larger study were maze-selection data. In all 
other respects, the graphs were identical to those used in the Wagner et al. study.
eye-tracking Procedures
To examine participants’ patterns of graph inspection, participants’ eye-movements 
were recorded as they described each of the two researcher-made graphs. Prior to 
describing the graphs, participants were shown a sample CBM graph and given a short 
description of the graph. They were told that the graph depicted the reading progress 
of one student that received intensive reading instruction, and that the scores on the 
graph represented the student’s correct and incorrect choices on weekly administered 
2-minute maze-selection probes. Each graph element was identified and described 
briefly (see van den Bosch et al., 2017, for this description). 
Participants were then positioned in front of the eye-tracker screen. They were 
told that they would be shown a CBM graph and that they would be asked to “think 
out loud” while looking at the graph. They were asked to tell all they were seeing and 
thinking, including what they were looking at and why they were looking at it. After the 
calibration was completed, the instructions were repeated in summarized form, and the 
first graph was presented. After the participant had described the first graph, the graph 
was removed from the screen, the instructions were again briefly repeated, and then 
the other graph was presented. The task had no time limits. 
Data were collected in individual sessions at the teachers’ schools. For the CBM 
expert, data were collected at the University. All data were collected by two trained 
doctoral students and a trained research assistant. Two data collectors were present 
during each data collection session. One data collector operated the eye-tracker while 
the other instructed the participant and audio-taped the think-aloud. Instructions were 
read aloud from a script.
eye-tracker apparatus and software
To register the eye movements of the participants, a Tobii T120 remote eye-tracker was 
used. The Tobii T120 Eye Tracker is robust with regard to participants’ head movements 
and its’ calibration procedure is quick and simple (Tobii Technology, 2010). Participants 
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were positioned in front of the Tobii eye-tracker screen so that the distance between 
their eyes and the screen was approximately 60 cm. The data sampling rate was set at 
60 hz. The accuracy of the Tobii T120 Eye Tracker typically is 0.5 degrees, which implies 
an average error of 0.5 centimeter between the measured and the actual gaze direction 
(Tobii Technology, 2010). Tobii Studio 3.4.8 and IBM SPSS Statistics 23 were used to 
process and to descriptively analyze the eye-tracking data. 
Coding of eye-tracking data
Establishing areas of interest
In order to analyze the eye-tracking data, ten areas of interest (AOIs) were defined for 
each of the two graphs, corresponding to the various elements of each CBM graph (see 
Figure 4.1). The AOIs were: Framing (elements related to the graph set-up, including 
titles, labels, the x- and y-axes, and the legend), Baseline (title of the baseline and 
baseline data from the student and the peers), Starting point (beginning point of the 
goal line), Instructional phases 0 to 4 (titles and data from phases 0 to 4), Incorrect choices 
(represented by triangles at the bottom of graph), and Long-range goal (ending point 
of the goal line).
Fixation duration and fixation sequence
Two types of eye-tracking data were examined in this study: Fixation duration data and 
fixation sequence data. A fixation is defined as a short period of time in which the eyes 
remain still to perceive a stimulus, that is, to cognitively process the stimulus (holmqvist 
et al., 2011). Fixations serve as a measure of visual attention. Fixation duration refers 
to the sum of the duration for all fixations within a particular area of the stimulus and 
fixation sequence refers to the order in which participants look at each of the areas. The 
minimal fixation duration setting was set to 200 ms, meaning that a fixation was not 
registered unless the participant looked at a specific point for at least 200 ms. This cutoff 
point was chosen because typical values for fixations range from 200-300 ms (holmqvist 
et al., 2011).
Fixation duration
Fixation duration serves as an indicator of participants’ distribution of visual attention. 
For each AOI, the total duration of fixations (in sec) was computed via the eye-tracker 
software. Then, the percentage of visual attention devoted to each AOI was calculated.
Fixation sequence
Fixation sequence referred to the order in which participants viewed the various graph 







elements (that were defined as AOIs). For each participant, the sequence of fixations 
was computed via the eye-tracker software. The fixation sequence data were provided 
in the form of strings of AOI names (e.g., Baseline, Phase 1, Phase 2, Phase 1, etc.). 
To determine the extent to which the sequences followed a logical order, we 
compared each sequence string to an “ideal” sequence and calculated a logical sequence 
percentage. The AOIs for the ideal sequence were similar to the content codes for the 
ideal sequence used to determine sequential coherence for the think-aloud data (van 
den Bosch et al., 2017; Espin et al., 2017; Wagner et al., 2017) with two exceptions (see 
Table 4.1). Recall that the ideal sequence represented the order in which CBM graphs are 
used for instructional decision-making.
Table 4.1. Definitions of the Think-aloud Codes and Corresponding Areas of Interest (AOIs)
Think-aloud Codes definition Corresponding aois
Framing (FR) Statements about the set-up of the graph 
and/or the measures that were used to obtain 
the data.
Graph title, title x-axis, title 
y-axis, x-axis, y-axis, legend
Baseline (BL) Statements about the beginning level of 
performance of the student and/or the peers.
Title baseline, baseline 
student, baseline peers
Goal setting (GS) Statements about setting the long-range goal 
based on the starting point and the expected 
rate of growth.
Starting point, long-range 
goal*
Instructional phase 0 (P0) Statements about the scores, progress, and/or 
variability within instructional phase 0.
Title phase 0, data phase 0
Instructional phase 1 (P1) Statements about the scores, progress, and/or 
variability within instructional phase 1.
Title phase 1, data phase 1
Instructional phase 2 (P2) Statements about the scores, progress, and/or 
variability within instructional phase 2.
Title phase 2, data phase 2
Instructional phase 3 (P3) Statements about the scores, progress, and/or 
variability within instructional phase 3.
Title phase 3, data phase 3
Instructional phase 4 (P4) Statements about the scores, progress, and/or 
variability within instructional phase 4.
Title phase 4, data phase 4
Goal achievement (GA) Statements about whether or not the student 
achieved the long-range goal.
Long-range goal*
Note. * If participants fixated on the long-range goal prior to fixating on any of the instructional phases, the 
fixation was coded under goal setting. If participants fixated on the long-range goal after fixating on at least 
one instructional phase, the fixation was coded as goal achievement.
The two exceptions concerned the AOIs “Long-range goal” and “Incorrect choices”. 
With respect to the Long-range goal, participants might inspect the long-range goal 
either as a part of goal setting (to determine what the expected end level of performance 
was for the student) or as a part of goal achievement (to determine whether or not the 
student had achieved or would achieve the goal). Thus, the following coding rule was 
made for categorizing fixations on the long-range goal: If participants fixated on the 
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long-range goal prior to fixating on any of the instructional phases, the fixation was 
coded under goal setting. If they fixated on the long-range goal after fixating on at least 
one instructional phase, the fixation was coded as goal achievement.
With respect to the Incorrect choices, in coding the think-aloud data, statements 
about the number of incorrect maze-selection choices (i.e., the triangles at the bottom 
of the graph) were coded as the instructional phase they referred to (van den Bosch 
et al., 2017; Espin et al, 2017; Wagner et al., 2017). In coding the eye-tracking data, we 
created one AOI for the incorrect choices of all five phases (see Figure 4.1) rather than 
separate AOIs for the incorrect choices within each phase. This was done because we 
were primarily interested in visual attention for the correct choices (and for the correct 
versus incorrect choices), as it is the number of correct choices that reflects progress 
(Deno, 1985). As a consequence, fixations on the incorrect choices could not be coded 
as the phase they “referred” to, and were, therefore, not included in the logical sequence 
coding.
To code the fixation sequence data, the coding sheet presented in Figure 4.2 was 
used. The ideal sequence was: Framing (i.e., fixating on the elements related to the set-
up of the graph), Baseline, Goal setting, Instructional phases 0 to 4, and Goal achievement, 
and is depicted by the light grey boxes above the diagonal. Along the top and down the 
left side of the coding sheet, the graph elements are listed. Sequences between graph 
elements were recorded using tally marks. To illustrate, the fixation string presented 
earlier (Baseline, Phase 1, Phase 2, Phase 1, etc.) has been coded in Figure 4.2. To code the 
first sequence, Baseline (BL) to Phase 1 (P1), a tally mark was placed at the intersection of 
the BL row and the P1 column. To code the next sequence, Phase 1 (P1) to Phase 2 (P2), 
a tally mark was placed at the intersection of the P1 row and the P2 column. To code the 
last sequence, Phase 2 to Phase 1, a tally mark was placed at the intersection of the P2 
row and P1 column. The outcome measure was the percentage of sequences following 
the ideal sequence. In the example, 1 of 3 sequences falls in the light grey boxes above 
the diagonal and follows the ideal sequence. Thus, the logical sequence percentage for 
this example is 33%.
When comparing the AOI strings to the ideal sequence, we observed that both 
the teachers and the CBM expert often looked back and forth between two adjacent 
graph elements, and in particular, between two adjacent instructional phases. Such 
looking back and forth might imply that participants were comparing the various 
graph elements/data to each other. In research on graph comprehension, such within-
the-data comparisons are considered to be an important aspect of higher-level 
graph comprehension (Friel et al., 2001). We thus decided to also calculate the logical 
sequence percentages in a second, more liberal way, in which we included instances 
of looking back and forth between two adjacent graph elements (as depicted by the 







light grey boxes just above and just below the diagonal in Figure 4.2) as part of the ideal 
sequence. In the example provided earlier, 2 of 3 sequences fall in the light grey boxes 
above and below the diagonal. Thus, the logical sequence percentage using the liberal 
calculation approach would be 66%, whereas it was 33% using the original (referred to 
as strict) calculation approach. In addition, to quantify the observation that participants 
often looked back and forth between adjacent instructional phases, we calculated the 
percentage of sequences between adjacent phases.
Figure 4.2. Coding sheet for calculating the logical sequence percentages from the fixation 
sequence data. Two approaches were used to calculate those percentages. For the first approach, 
referred to as the strict calculation approach, the light grey boxes above the diagonal represent 
the ideal sequence and the number of tally marks within these boxes is the numerator (1 in this 
example). For the second approach, referred to as the liberal calculation approach, the light grey 
boxes above and below the diagonal represent the ideal sequence and the number of tally marks 
within these boxes is the numerator (2 in this example). For both approaches, the total number 
of tally marks in the sheet is the denominator. FR = Framing; BL = Baseline, GS = Goal setting, P0 
= Instructional phase 0, P1 = Instructional phase 1, P2 = Instructional phase 2, P3 = Instructional 
phase 3, P4 = Instructional phase 4, GA = Goal achievement. Figure adapted from Espin et al. 




The fixation sequence data for all participants were coded by a trained doctoral student 
and a trained research assistant. Agreement was 99.94%. The only one disagreement 
between coders was resolved through discussion.
general Procedures
Prior to the beginning of the study, permission was obtained from the human Subjects 
Review Board and informed consent was obtained from all participants. As part of the 
larger study, teachers first collected weekly CBM maze-selection data to monitor the 
progress of two of their students with reading difficulties/dyslexia over a period of 10 to 
12 weeks. Note that the maze-selection data were collected and graphed via an online 
progress-monitoring system. Next, teachers completed a graph-reading skills test and 
provided information on their graph-reading experience. Teachers then completed the 
think-aloud/eye-tracking task for the two researcher-made graphs, and, then, for the 
two student graphs. Recall that the CBM expert completed the think-aloud/eye-tracking 
task prior to the collection, coding, and analysis of the teachers’ data, and completed 
the task for the researcher-made graphs only.
resuLTs
fixation duration 
With regard to the first goal of the study, that is, to examine how long teachers looked 
at the various elements of CBM graphs, we first present data on the overall viewing 
time and, then, present more specific data on the fixation duration for the various graph 
elements for both the teachers and the CBM expert. Data are reported as average scores 
across the two graphs. 
The mean overall viewing time for the teachers was 107.91 seconds per graph (SD = 
59.83; range 53-252.5), and for the CBM expert it was 283 seconds per graph.
The percentages of visual attention (i.e., fixation duration) devoted to each graph 
element for both the teachers and the CBM expert are reported in Table 4.2, and presented 
visually in the top panel of Figure 4.3. The data reveal that both the teachers and the 
CBM expert devoted the majority of visual attention to the instructional phases (labeled 
Instructional Phases 0-4 in Table 4.2), although the percentage was smaller for teachers 
(58%) than for the CBM expert (70%). Examination of the individual phases reveals that 
teachers devoted relatively more attention to initial instruction (Phase 0) than did the CBM 
expert (12% vs. 3%), and relatively less attention to later instructional phases (Phases 3 and 
4) than did the CBM expert (7% vs. 16% and 13% vs. 25% respectively). Both the teachers 







and the CBM expert devoted a fair amount of visual attention to framing, although the 
percentage was larger for teachers (26%) than for the CBM expert (23%). Finally, teachers 
devoted a larger percentage of visual attention to the baseline data and to the incorrect 
choices than did the CBM expert (7% vs. 4% and 7% vs. 0% respectively).
Table 4.2. Mean Percentages of Visual Attention Devoted to the Graph Elements for the CBM 










- Framing (graph title, titles axes, axes, legend) 22.66 25.61 (10.54) 17.27 27.08
- Baseline (title, data student, data peers) 3.70 7.42 (4.31) 6.22 12.06
- Starting point 0.56 0.46 (0.93) 0 0.20
- Instructional phase 0 (title, data)
- Instructional phase 1 (title, data)
- Instructional phase 2 (title, data)
- Instructional phase 3 (title, data)
- Instructional phase 4 (title, data)

























- Long-range goal 3.27 2.07 (2.16) 1.92 2.04
- Incorrect choices 0.22 6.89 (4.52) 8.49 10.61
Note. In the “All teachers column”, standard deviations are provided in parentheses. hQ-TA teachers = teachers 
with high-quality think-alouds, LQ-TA teachers = teachers with low-quality think-alouds.
Variability between teachers
Although results revealed some differences between teachers and the CBM expert 
in the distribution of visual attention across various graph elements, there was a fair 
amount of variability within the teachers’ data (see SD’s in Table 4.2). To gain more 
insight into the between-teacher variability, we compared the eye-tracking data for 
the two teachers with the highest-quality think-alouds and the two teachers with the 
lowest quality think-alouds to the eye-tracking data for the CBM expert.
To identify the teachers with high- and low-quality think-alouds, we examined the 
teachers’ scores on the following aspects of the think-alouds (see van den Bosch et al., 
2017): Accuracy, completeness, sequential coherence, data-to-data comparisons, data-
to-goal comparisons, and data-to-instruction links. For each aspect, we rank-ordered 
teachers from highest to lowest and assigned ranking numbers (e.g., 1 for the highest 
ranking, 2 for the next highest ranking, etc.). We then summed the rankings across all six 
aspects, and identified the two teachers with the lowest rankings and the two teachers 
with the highest rankings.
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The visual attention data for the two teachers with high-quality think alouds (hQ-
TA teachers) and the two teachers with low-quality think-alouds (LQ-TA teachers) are 
reported in the last two columns of Table 4.2, and presented visually in the bottom 
panel of Figure 4.3. Perhaps most notable is the fact the hQ-TA teachers devoted nearly 
as much visual attention to the instructional phases as the CBM expert (66% vs. 70%). 
LQ-TA teachers, on the other hand, devoted far less attention to the instructional phases, 
only 48%. Also of note is the visual attention devoted to incorrect choices. Both the hQ-
TA teachers and the LQ-TA teachers devoted more attention to incorrect choices than 
the CBM expert (8 and 11% vs. 0%). Finally, differences in visual attention devoted to 
framing also were seen, with hQ-TA teachers devoting less visual attention to framing 
Figure 4.3. Mean percentages of visual attention devoted to the various graph elements for 
the CBM expert and the teachers (top panel), and for the CBM expert and the hQ-TA and LQ-TA 
teachers (bottom panel). Note that the data that are presented for the CBM expert are the same 
data in both panels. hQ-TA teachers = teachers with high-quality think-alouds, LQ-TA teachers = 
teachers with low-quality think-alouds.







than LQ-TA teachers (17% vs. 27%), compared to 23% for the CBM expert. 
Fixation Sequence
With regard to the second goal of the study, that is, to examine whether teachers 
inspected the various graph elements in a logical sequence, we present the logical 
sequence percentages (as calculated by using both calculation approaches) for the 
teachers and the CBM expert. In addition, we present the percentages of sequences 
between adjacent instructional phases. 
Using the strict calculation approach, the mean logical sequence percentage for 
teachers was 24.59% (SD = 5.96, range 15.78-37.50). This was compared to a logical 
sequence percentage of 40.83% for the CBM expert. Using the liberal calculation 
approach, the mean logical sequence percentage for the teachers was 40% (SD = 10.8, 
range 18.16-56.49), compared to a logical sequence percentage of 74.11% for the CBM 
expert. The mean percentage of sequences between adjacent instructional phases for 
the teachers was 30.44% (SD = 9.7), compared to 49.62% for the CBM expert.
Variability between teachers
As with the visual attention data, we compared the fixation sequence data for the two 
hQ-TA and two LQ-TA teachers to data for the CBM expert. Using the strict calculation 
approach, the mean logical sequence percentages for the hQ-TA and LQ-TA teachers 
were 33.57% and 16.94%, respectively, compared to 40.83% for the CBM expert. Using 
the liberal calculation approach, the mean logical sequence percentages for the hQ-
TA and LQ-TA teachers were 50.39% and 30.19%, respectively, compared to 74.11% for 
the CBM expert. The mean percentages of sequences between adjacent instructional 
phases for the hQ-TA and LQ-TA teachers were 37.75% and 18.13%, respectively, 
compared to 49.62% for the CBM expert. Thus, like for the visual attention data, for the 
fixation sequence data the percentages for the hQ-TA teachers were also closer to those 
of the CBM expert than were the percentages for the LQ-TA teachers.
disCussion
The purpose of the present study was to examine how teachers visually inspect CBM 
graphs. More specifically, our goals were to examine: (1) how long teachers looked at 
the various elements of CBM graphs while inspecting and describing the graphs, and 
(2) whether teachers inspected those graph elements in a logical sequence. To provide 





With regard to the first goal of the study, we first examined the overall viewing time. The 
overall viewing time per graph for the teachers was about 2.5 times shorter than that 
for the CBM expert. Given that the task had no time limits, this difference might imply 
that the teachers were sooner satisfied with their inspection and description of the 
CBM graphs. This result might reflect the fact that teachers did not exactly know what 
to look for in the graphs or did not know how to describe the graphs, and, therefore, 
inspected and described the graphs in a less detailed way than the CBM expert. Next, 
we examined how the participants distributed their visual attention across the various 
graph elements.
One notable finding was that the teachers devoted the majority of their visual 
attention (58%) to the data in the instructional phases, thus, to the parts of CBM graphs 
that were most relevant for instructional decision-making. The next highest category 
was framing, implying that the teachers also devoted a fair amount of attention to 
graph elements that provide a context for the data. It should, however, be pointed out 
that the AOIs mainly included data in the instructional phases and graph elements that 
provide a context for the data.
It is vital that teachers devote considerable time to the data in the instructional 
phases. That is, to make sound data-based instructional decisions, teachers have to 
inspect the data thoroughly to be able to draw conclusions about student progress 
and the effectiveness of instruction. however, despite the fact that the majority of 
teachers’ visual attention was devoted to those data, there was a discrepancy between 
the teachers and the CBM expert with regard to the percentage of visual attention 
devoted to the data in the instructional phases (58% vs. 70%). This discrepancy might 
reflect the fact that the CBM expert better knew what graph elements or what data 
to look at than did the teachers. This explanation fits well with previous eye-tracking 
studies comparing experts and novices showing that experts focus on aspects of the 
visual stimuli that are relevant within the context of the task and skim over less relevant 
aspects (e.g., Al-Moteri et al., 2017; Canham & hegarty, 2010; Gegenfurthner et al., 2011; 
Jarodzka et al., 2010; Okan et al., 2016; Vonder Embse, 1987). 
Moreover, in this study, the teachers devoted more visual attention to the incorrect 
choices – that is, to an irrelevant part of CBM graphs – than did the CBM expert, who 
did not pay any attention to the incorrect choices. The teachers might have spent more 
time inspecting incorrect choices because they might not have known it is the number 
of correct, not the number of incorrect, choices that reflects progress in the context 
of CBM. Another reason might be that teachers might have the tendency to focus on 
students’ errors.








With regard to the second goal of the study, we examined whether teachers inspected 
the various elements of CBM graphs in a logical sequence, that is, in the order in which 
CBM graphs are used for instructional decision-making. Results revealed that teachers 
inspected the CBM graphs in a less logical sequence than the CBM expert: For the 
teachers, 25% of the sequences between graph elements followed the ideal sequence, 
whereas for the CBM expert 41% of the sequences followed the ideal sequence. When 
calculating the logical sequence percentages in a second, more liberal way, the same 
pattern of results was found. These results are in line with previous eye-tracking studies 
comparing experts and novices, showing that experts are more systematic and goal-
directed in completing a visual task than novices (e.g., Al-Moteri et al., 2017; Jarodzka 
et al., 2010). Moreover, these results also fit well with previous think-aloud studies on 
CBM graph comprehension, showing that CBM experts describe CBM graphs in a more 
logical, sequential manner than preservice and inservice teachers (van den Bosch et al., 
2017; Espin et al., 2017; Wagner et al., 2017). 
In addition to the sequence in which participants inspected the various elements 
of CBM graphs, we also examined the percentage of sequences between adjacent 
instructional phases to quantify the observation that participants often looked back 
and forth between adjacent instructional phases. Results revealed that this percentage 
was smaller for the teachers than for the CBM expert. That is, for the teachers 30% of 
the sequences were sequences between adjacent instructional phases, whereas for 
the CBM expert 50% of the sequences were sequences between adjacent instructional 
phases, suggesting that the teachers less often compared the data points or slope lines 
across adjacent instructional phases than did the CBM expert. Given that such within-
the-data comparisons are considered to be an important aspect of higher-level graph 
comprehension (Friel et al., 2001), those results imply that the teachers comprehended 
the CBM graphs less well than the CBM expert. 
In sum, both the fixation duration and the fixation sequence data demonstrated that 
teachers’ graph inspection patterns differed from that of the CBM expert. That is, as a 
group, the teachers devoted less visual attention to important elements of the graphs 
and inspected the graph elements in a less logical sequence than did the CBM expert. 
For both the fixation duration and the fixation sequence data, there was, however, a fair 
amount of between-teacher variability. 
Variability between Teachers
To gain more insight into the between-teacher variability, we compared the data for the two 
teachers with high-quality think-alouds (hQ-TA teachers) and the two teachers with low-
quality think-alouds (LQ-TA teachers) to data for the CBM expert. Overall, this comparison 
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revealed that the graph inspection patterns for the hQ-TA teachers were more similar to 
that of the CBM expert than were graph inspection patterns for the LQ-TA teachers.
More specifically, with regard to the fixation duration data, the hQ-TA teachers 
devoted nearly as much visual attention to the data in the instructional phases as did 
the CBM expert (66% vs. 70%), whereas the LQ-TA teachers devoted far less attention to 
the data in the instructional phases (48%). This is an important difference because the 
data in the instructional phases provide the necessary information for CBM instructional 
decision-making. The LQ-TA teachers not only devoted less visual attention to the 
relevant aspects of CBM graphs than did the hQ-TA teachers and the CBM expert, they 
also devoted relatively more visual attention to the incorrect choices, that is, to a less 
relevant aspect of the graphs.
With regard to the fixation sequence data, the hQ-TA teachers inspected the various 
graph elements in a less logical sequence and looked back and forth less often between 
adjacent instructional phases than did the CBM expert (34% vs. 41% and 38% vs. 50%, 
respectively), and the LQ-TA teachers inspected the graph elements in a far less logical 
sequence and looked back and forth far less often between adjacent instructional 
phases than did the CBM expert (17% vs. 41% and 18% vs. 50%, respectively). however, 
although the logical sequence percentages and the percentage of sequences between 
adjacent instructional phases of the hQ-TA teachers were closer to that of the CBM 
expert, the differences between these teachers and the CBM expert were still substantial. 
In sum, the data for the hQ-TA and LQ-TA teachers showed that the hQ-TA teachers 
were better able to identify the relevant parts of the CBM graphs than were the LQ-TA 
teachers; however, both the hQ-TA and LQ-TA teachers devoted more attention to the 
incorrect choices (that are less relevant) than did the CBM expert, who did not pay any 
attention to the incorrect choices. Second, the data showed that the hQ-TA teachers 
inspected the graph elements in a more logical sequence and more often compared the 
data across adjacent instructional phases than did the LQ-TA teachers; however both 
the hQ-TA and LQ-TA teachers did this less well than did the CBM expert. Thus, for all 
teachers there was room for improvement.
Limitations and directions for future studies
The present study was the first study to examine teachers’ inspection patterns of CBM 
graphs using eye-tracking technology. Given that it was an exploratory study, the results 
should be replicated in future studies with larger and more diverse research groups.
One limitation of the study was that teachers were recruited via convenience 
sampling. In addition, the sample size was small (but appropriate for an exploratory 
study). Another limitation was that only one CBM expert was included as a frame of 
reference for interpreting the teachers’ eye-tracking data, and that this expert was also 







an author on the present paper. The fact that the CBM expert’s think-aloud data were 
similar to the think-aloud data from the CBM experts from the Wagner et al. (2017)/van 
den Bosch et al. (2017) studies and that the CBM expert completed the tasks prior to the 
data collection, coding, and analysis of the teachers’ data, lends credibility to the results, 
but replication with other CBM experts is needed.
An important next step in studying teachers’ CBM graph comprehension is to examine 
the relation between teachers’ graph inspection patterns and their use of CBM data for 
instructional decision-making, and the resulting effects on student achievement.
implications for Practice
Although teachers are expected to closely monitor the progress of students with 
severe and persistent learning difficulties and to evaluate the effectiveness of the 
given instruction for those students with systems like CBM, the results of the present 
study have demonstrated that teachers have difficulties with inspecting CBM graphs. 
Together with the results of the previous think-aloud studies (van den Bosch et al., 2017; 
Espin et al., 2017; Wagner et al., 2017), the results of this study call for a need to teach 
teachers how to inspect, read, and interpret CBM graphs. Providing teachers with CBM 
training seems particularly warranted given that research demonstrates that student 
achievement only improves when teachers adequately respond to CBM data with 
instructional or goal changes (see Stecker, Fuchs, & Fuchs, 2005, for a review).
In CBM training, teachers might benefit from explicit instruction about how to 
inspect, read, and interpret the graphs. One simple instructional recommendation 
could be, for example, that teachers not pay attention to incorrect choices because 
incorrect choices are less relevant than correct choices for CBM instructional decision-
making. Another option would be to provide teachers with instruction about where 
to pay attention while inspecting, reading, and interpreting CBM graphs. Keller and 
Junghans (2011) have examined whether visual attention for task-relevant parts is a 
teachable skill, and have demonstrated that providing viewers with written instructions 
on graph reading and with arrows pointing to the task-relevant parts of medical graphs 
lead to increased visual attention for these task-relevant graph parts. Providing spoken 
instructions on how to inspect, read, and interpret CBM graphs while highlighting the 
graph elements that are mentioned might also be an effective training strategy, given 
that the combination of verbal and visual input leads to better comprehension (Sadoski 
& Paivio, 2004).
A different approach to provide teachers with attentional guidance with regard to 
inspecting CBM graphs, as suggested by Jarodzka et al. (2010) in the context of their 
expert/novice study in the area of fish locomotion, is to use videos of experts’ eye 
movements with cued verbalizations as training materials. With regard to the present 
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study, teachers could be shown a video of the think-aloud and eye movements of a 
CBM expert to illustrate how to inspect the graph in a more detailed, and in a logical, 
sequential manner.
Conclusion
The results of this exploratory, descriptive study provide insights into how teachers’ 
visually inspect CBM progress graphs. Differences were found with regard to how 
long the teachers and the CBM expert looked at the various graph elements and with 
regard to the order in which they inspected those graph elements. For both aspects, 
it appeared that the graph inspection patterns of the teachers with hQ-TA were more 
similar to the graph inspection patterns of the CBM expert than those of the LQ-TA 
teachers. That is, the hQ-TA teachers were better able to identify the relevant parts of 
the CBM graphs, inspected the various graph elements in a more logical sequence, and 
more often compared data across adjacent instructional phases than did the LQ-TA 
teachers. however, both the hQ-TA and LQ-TA teachers inspected the graphs less well 
than did the CBM expert, suggesting that both the hQ-TA and LQ-TA teachers might 
benefit from CBM training. If the results of this study were to be replicated in future 
studies, they would provide important information with regard to teaching teachers to 
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We examined three instructional approaches for improving teachers’ CBM graph 
comprehension, each differing in the extent to which reading the data, interpreting 
the data, and linking the data to instruction were emphasized. Participants were 
164 elementary-school teachers who were randomly assigned to one of three CBM 
instructional approaches or a control condition. Instruction was delivered via videos. Prior 
to and after receiving instruction, teachers completed a CBM graph-comprehension task. 
They also evaluated the instructional videos. Teachers in the three instructional groups 
improved more in CBM graph comprehension than control teachers. Improvements 
were seen primarily in interpreting and linking the data to instruction, two important but 
difficult aspects of CBM graph comprehension. For interpreting the data, differences 
between the instructional groups were found. Teachers evaluated the videos positively. 
Results imply that teachers’ CBM graph comprehension can be improved via video 
instruction. Implications for teaching teachers to implement CBM are discussed.







iMProVing TeaCHers’ CoMPreHension of 
CurriCuLuM-based MeasureMenT Progress graPHs
Curriculum-based measurement (CBM) is a tool that enables teachers to closely monitor 
student reading progress and evaluate the eff ectiveness of instruction for students 
who struggle with reading (Deno, 1985). When used within Tier 2 and Tier 3 settings, 
student performance is measured frequently with short tasks and scores are placed on 
graphs to display student progress over time (see Figure 5.1, for a sample graph). Special 
and/or general education teachers view the graphs, often within the context of team 
meetings, to evaluate student progress and to determine whether there is a need for an 
instructional or a goal change, depending on whether progress is less than or greater 
than expected. When teachers respond to the data with instructional/goal changes, 
student performance improves; however, teachers often do not respond to the data, at 
least not without support (Stecker, Fuchs, & Fuchs, 2005).
 
Figure 5.1. Sample of a CBM progress graph.
In the late 1980s and early 1990s, L. S. Fuchs, Fuchs and colleagues investigated 
the eff ects of decision-making supports, delivered via computer-software, on teachers’ 
CBM implementation (see L. S. Fuchs & Fuchs, 1989; L. S. Fuchs & Fuchs, 2002; Stecker 
et al., 2005, for reviews). These supports assisted teachers in collecting, scoring, and 
graphing the data, and prompted teachers to change instruction or to raise the goal. In 
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later stages of development, the computer supports provided diagnostic skills-analysis 
and expert-feedback to guide teachers’ decisions about what to change and how to 
change instruction. Use of the computer supports led to improvements in teachers’ 
implementation of CBM decision-rules, selection of appropriate instructional changes, 
and design of diverse educational programs, which in turn led to improvements in 
student performance (L. S. Fuchs & Fuchs, 1989; L. S. Fuchs & Fuchs, 2002; Stecker et al., 
2005). 
however, even with computer supports, the teacher remained an important 
element in the decision-making process. For example, teachers were more accurate in 
timing instructional changes if they first formulated instructional decisions than if they 
received computer feedback immediately (L. S. Fuchs, Fuchs, & hamlett, 1989a). L. S. 
Fuchs and Fuchs (1989) noted that sole reliance on computer supports might serve to 
distance teachers from the data, reducing effective data-based decision-making. 
Despite the important role of the teacher in CBM data-based decision-making, 
researchers have only recently begun to examine teachers’ CBM data-based decision-
making processes. The focus of the research to date has been on the first step in the 
decision-making process: Reading and interpreting the CBM progress graphs. 
Teachers’ Comprehension of CbM Progress graphs
The ability to read and interpret graphs is often referred to as graph comprehension (Friel, 
Curcio, & Bright, 2001). Friel et al. (2001) described three levels of graph comprehension: 
reading the data (i.e., extracting data from the graph), reading between the data (i.e., 
integrating and interpreting the graphed data), and reading beyond the data (i.e., 
evaluating and interpreting data within a given context. 
Van den Bosch, Espin, Chung, and Saab (2017) applied Friel et al.’s (2001) framework 
to the study of CBM graph comprehension, referring to the three levels as reading the 
data (i.e., describing the CBM data as they appear on the graph), interpreting the data 
(i.e., integrating and interpreting relations between graph elements such as slope 
and goal), and linking the data to instruction (i.e., evaluating and interpreting the data 
within the instructional context). Building upon two earlier studies (Espin, Wayman, 
Deno, McMaster, & de Rooij, 2017; Wagner, hammerschmidt-Sniderach, Espin, Seifert, 
& McMaster, 2017), van den Bosch et al. (2017) employed a think-aloud method to 
examine teachers’ CBM graph comprehension, and to compare it to the CBM graph 
comprehension of three small groups of “gold-standard” graph-reading experts: General 
graph-reading experts, education graph-reading experts, and CBM graph-reading 
experts. (The CBM graph-reading experts were also included in the Wagner et al. study). 
Participants completed think-alouds on two standard CBM graphs. Think-alouds were 
coded for accuracy, completeness, and sequential coherence, and for the number of 







statements comparing data across instructional phases (i.e., data-to-data comparisons), 
comparing data to the goal line or to the goal (i.e., data-to-goal comparisons), and 
linking data to instruction (i.e., data-to-instruction links). 
Results revealed that teachers’ think-alouds were accurate, but were less complete 
and coherent than the CBM graph-reading experts’ think-alouds; however, teachers’ 
think-alouds were nearly as complete and coherent as those of the education graph-
reading experts, and more complete and coherent than those of the general graph-
reading experts. With regard to the “data-to” comparisons/links, teachers made fewer 
data-to-data and data-to-goal comparisons and fewer data-to-instruction links than the 
CBM graph-reading experts, but nearly the same number of such comparisons/links as 
the general graph-reading and education graph-reading experts. 
The results of van den Bosch et al. (2017) were positive in the sense that they suggested 
that difficulties with CBM graph comprehension were not unique to teachers. however, 
the authors noted that there was a fair amount of variability in teachers’ completeness 
and coherence scores, revealing that some teachers struggled to describe CBM graphs 
in a complete and coherent manner. Of greater concern was the fact that teachers made 
few or none data-to-data and data-to-goal comparisons and data-to-instruction links. 
These comparisons/links represented teachers’ ability to read between and beyond the 
data; that is, to interpret the data and link it to instruction. Such skills are the essence 
of data-based decision-making. Van den Bosch et al. (2017) suggested that teachers 
might need specific, directed instruction on how to interpret CBM data and link it to 
instruction.
Purpose of the study: improving Teachers’ Comprehension of CbM Progress graphs
In the present study we examine the effects of instruction on teachers’ CBM graph 
comprehension. We compare three different instructional approaches, each differing in 
the extent to which it emphasizes reading the data, interpreting the data, and linking 
the data to instruction. Instruction was delivered via online videos. We hypothesized that 
CBM instruction would lead to improvements in teachers’ CBM graph comprehension, 
and more important, that interactive instruction and practice on how to interpret CBM 
data and link it to instruction would result in better graph comprehension than basic 
instruction. 
We also examine the social validity, or teachers’ acceptance, of both the CBM 
instruction and of CBM. Social validity is important to consider because educators’ 
attitudes towards data-based decision-making have been found to relate to the effects 
of data-based decision-making on student progress (Keuning, van Geel, & Visscher, 
2017). We did not have a specific hypothesis regarding social validity, but speculated 
that differences across the three instructional approaches in terms of length and the 
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amount of teacher response required (see Method section) might lead to differences in 
teachers’ attitudes towards the CBM instructional videos and/or CBM. 
Two research questions were addressed in the study:
1. What are the effects of CBM instruction on teachers’ CBM graph comprehension? 
Do effects differ by instructional approach?
2. What is the social validity of each instructional approach?
The study employed a randomized-control, pretest-posttest design, with the CBM 
instructional approach as the independent variable. CBM graph comprehension and 




Participants were Dutch elementary-school teachers (N = 164; 146 female, 18 male; 
M
age
 = 37.87 years, SD = 11.97, range 21-67) from 66 different schools. To participate, 
teachers had to have taught in grades 3 to 6 in the five years preceding the study. In 
the Netherlands, general education teachers are typically responsible for the instruction 
of students with dyslexia or students who struggle with reading. General education 
teachers organize what would, in the context of RTI, be considered Tier 1 and Tier 2 
instruction for these students. Sometimes the students receive extra instruction from a 
specialist, but often the specialist is someone outside of the school system. In a limited 
number of cases, if problems are complex, students are sent to a specialized school. In 
our sample, most teachers (n = 158) were general education teachers. A small number 
(n = 6) worked in specialized schools. All teachers held a bachelor’s degree in education, 
and four also held master’s degrees in education, psychology, or languages. Teachers 
had an average of 13.44 years (SD = 10.55, range 0-42) of teaching experience.
Teachers were recruited via convenience sampling, and were randomly assigned 
to either a control condition (CONTROL; n = 44) or to one of three CBM instructional 
conditions: BASIC (n = 38), INTERPRETATION (n = 42), or INTERPRETATION + LINKING (n = 
40). Group size differences were due to the fact that 16 teachers were dropped from the 
original sample of 180 teachers (see following section). Demographic data for the four 
groups of teachers are provided in Table 5.1. 
















































































































































































































































































































































   




























































































































































































































































To provide a thorough description of the sample, and to examine group comparability 
on relevant factors, we collected data on teachers’ progress-monitoring experience 
and their general graph-reading skills. With regard to progress-monitoring experience, 
teachers were asked to answer 10 yes/no or open-ended questions asking about their 
experience using various progress-monitoring systems, including CBM. All elementary 
schools in the Netherlands are required to monitor students’ academic progress using 
nationally-normed standardized tests that are administered once or twice a year, and 
most schools use one of three commercial progress-monitoring systems to do so. Data 
from the systems are provided to teachers at both the individual and class level in the 
form of graphs and tables. CBM is not in widespread use in the Netherlands.
All teachers reported that their schools implemented one of the three Dutch 
progress-monitoring systems. Teachers were asked if they used the graphs from the 
systems and if so, what they did with the data from the graphs. Most teachers (n = 156 
of 164) reported using the graphs, and reported using the data from the graphs to 
examine student progress, to communicate student progress to parents or colleagues, 
to place students in instructional groups, or to decide which students needed additional 
instruction.
Sixteen of the 180 teachers in the original sample reported that they had learned 
about CBM via University coursework, and that, as part of this coursework, they had 
interpreted data from CBM graphs and/or used CBM to monitor student progress. Despite 
random assignment, these 16 teachers were not evenly distributed across conditions 
(n = 2, 5, 4, and 5 in the CONTROL, BASIC, INTERPRETATION, and INTERPRETATION + 
LINKING conditions respectively). Demographic data for these 16 teachers (see Table 
5.1, note) revealed that these teachers were younger and more highly educated, and 
had less teaching experience, than teachers in the final sample. Inspection of pretest 
scores revealed that pretest scores for the 16 teachers on the various aspects of CBM 
graph comprehension were in general higher than those for other teachers in the 
sample, especially with respect to scores related to interpreting and linking the data 
(see Results section). Based on this information, the decision was made to drop these 
16 teachers from all further analyses. Of the remaining 164 teachers, none had ever 
interpreted CBM data or used CBM to monitor student progress.
Teachers’ general graph-reading skills
To examine general graph-reading skills, teachers completed two pretest-only measures: 
a Graph-reading Self-perception Scale and a Graph-reading Test. The Graph-reading Self-
perception Scale was a translated version of the Graph-reading Ability subscale developed 
by Xi (2005). The scale included 12 items asking participants to rate their graph-reading 







ability on a 6-point Likert scale, with 1 as low and 6 as high. Mean scale scores were 
nearly identical across the four groups (CONTROL: M = 4.71, SD = 0.84; BASIC: M = 4.66, 
SD = 0.75; INTERPRETATION: M = 4.71, SD = 0.61; INTERPRETATION + LINKING: M = 4.74, 
SD = 0.90). A Kruskall-Wallis Test revealed no significant between-group differences on 
self-perception scores, χ2 (3) = 0.95, p = .81.
The Graph-reading Test included 7 multiple-choice items requiring teachers to read 
and interpret line graphs. Items were based on items from a graph skills test developed 
by Shah and Freedman (2009). Teachers received one point per item answered correctly. 
Mean test scores were comparable across groups (CONTROL: M = 3.64, SD = 1.06; BASIC: 
M = 3.32, SD = 1.12; INTERPRETATION: M = 3.74, SD = 1.11; INTERPRETATION + LINKING: M 
= 3.63, SD = 1.03). A one-way ANOVA revealed no significant between-group differences 
on test scores, F(3 160) = 1.12, p = .34.
independent Variable: CbM instructional approaches
CBM instruction was delivered via instructional videos developed by the research team. 
Videos were used to ensure comparability in instruction across conditions. To create 
the videos, scripts for each of the three versions were written and audio-taped. Graphs, 
visualizations, and animations were created using Excel and PowToon. The spoken text, 
animations, and visualizations were combined using Adobe Première Pro. In the final 
step, interactive practice tasks were added to the INTERPRETATION and INTERPRETATION 
+ LINKING videos. 
The information in each video was presented by a narrator and illustrated via the 
story of a teacher, Mr. Kees, and his student, Sander, who had reading difficulties. The 
content of the videos was based on content from a university course on CBM, on a 
book written for practitioners on how to implement CBM (The ABCs of CBM; hosp, 
hosp, & howell, 2007), and on training materials retrieved via the National Center on 
Progress Monitoring (www.studentprogress.org) and the Research Institute on Progress 
Monitoring (www.progressmonitoring.org). Each video began with an introduction 
that provided background on CBM. The introduction was followed by four segments 
on CBM implementation: collecting data, graphing data, interpreting data, and linking 
data to instruction. Differences between the three videos were seen in the segments 
on interpreting data and linking data to instruction. Differences are described in the 
following sections.
BASIC condition
In the BASIC condition, the segments on interpreting data and linking data to instruction 
consisted of explaining to and modeling for the teachers how to interpret the data and 
link it to instruction. The CBM instruction in this condition was not interactive and 
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teachers did not practice the skills. Thus, in the segment on interpreting data, teachers 
were shown how an online progress-monitoring system provided recommendations 
to change instruction or raise the goal, and were told that the recommendations were 
based on the answers to three data-interpretations questions: (1) Is the student making 
progress? (2) Will the student reach his or her goal? and (3) Does the instruction need to 
be changed? Teachers were then shown six sample CBM graphs, each with one phase 
of data and a slope line drawn through the data. For each graph, they were shown the 
computer-generated instructional recommendation and were given an explanation of 
how it was generated. 
In the segment on linking data to instruction, teachers were provided a description of 
five categories in which instructional changes could be made (i.e., activity, time, setting, 
material, and motivation), and were given an example of a potential change within each 
category (i.e., devoting more attention to a specific skill for activity, providing longer 
or more instruction for time, providing 1:1 instruction for setting, using materials from 
a different level for material, and using material that is of interest to the student for 
motivation). The BASIC video lasted 25 min.
INTERPRETATION condition
In the INTERPRETATION condition, teachers were given the same instruction as in the 
BASIC condition, but also were given interactive instruction and practice on interpreting 
the data. Thus, in the segment on interpreting data, for each of the six sample graphs, 
teachers themselves answered the three data-interpretation questions, and provided 
explanations for their answers. Teachers thus generated their own instructional decision 
before being shown (and explained) the recommendation that would be given by an 
online progress-monitoring system. Note that teachers did not receive specific, tailor-
made feedback on the instructional decision that they made; they were, however, given 
the opportunity to compare their decision to the recommendation (and rationale) of 
the online system. This approach is similar to that used by L. S. Fuchs et al. (1989a). The 
INTERPRETATION video lasted approximately 35 min, depending on how long it took 
the teachers to answer the data-interpretation questions.
INTERPRETATION + LINKING condition
In the INTERPRETATION + LINKING condition, teachers were given the same 
instruction and interactive practice on interpretation as was given to teachers in the 
INTERPRETATION condition. however, in the segment on linking data to instruction, 
teachers were given additional interactive practice. Specifically, teachers were asked to 
provide “advice” to the teacher in the video (Mr. Kees) about selecting an instructional 
change. Following the description of the five categories of instructional changes given 







in the BASIC and INTERPRETATION conditions, Mr. Kees reflected upon five possible 
changes he could make (one for each category). Teachers were then asked to select one 
of the five changes for Mr. Kees to implement, and were asked to provide a rationale 
for their selection. They selected changes two times. For this practice, no feedback was 
provided to teachers. The INTERPRETATION + LINKING video lasted approximately 45 
min, depending on how long it took the teachers to answer the data-interpretation 
questions and to select instructional changes.
CONTROL condition
In the CONTROL condition, instead of watching the CBM instructional video, teachers 
were provided with two “filler” tasks, including a short video clip about assessment in 
schools and a survey asking their opinions about this topic. After study completion, for 
ethical reasons, CONTROL teachers were shown the BASIC instructional video.
Primary dependent Variable: Teachers’ CbM graph Comprehension
The primary dependent variable in the study was teachers’ CBM graph comprehension. 
At both pre- and posttest, graph comprehension was assessed via a CBM Graph-
description Task in which teachers examined a CBM graph for 1 min, and then described 
the graph as if they were describing it to the student’s parent. No time limits were placed 
on the graph descriptions. Note that the prompt used in the present study was different 
than that used in previous CBM graph-comprehension studies. In previous studies, 
teachers were asked to tell all they were seeing and thinking (Espin et al., 2017; van den 
Bosch et al., 2017; Wagner et al., 2017). As suggested in van den Bosch et al., we used a 
more “realistic” prompt for the task.
The graphs used for the Graph-description Task were two researcher-made CBM 
graphs that depicted progress of a fictitious student in reading across one school year 
(see Figure 5.1, for a sample graph). Data points on the graph reflected the student’s 
scores on maze-selection tasks. The two graphs were parallel in format and graph 
patterns. For example, although the actual data points differed across the two graphs, 
in both graphs, the slope line for Phase 1 began above, and converged upon, the goal 
line. The patterns displayed in the graph were CBM graph patterns that had been found 
in previous research to be difficult to interpret (Espin, Saab, Pat-El, Boender, & van der 
Veen, 2018). One graph was administered at pretest and the other at posttest. The order 
was counterbalanced across teachers. Prior to completing the pretest, teachers were 
shown a sample CBM graph, and were provided a general description of the graph (see 
van den Bosch et al., 2017, for description). In addition, they were shown a maze probe, 




Graph-description coding procedures were adapted from those used in previous 
research (Espin et al., 2017; van den Bosch et al., 2017; Wagner et al., 2017). Teachers’ graph 
descriptions were audiotaped and transcribed, and each transcription was checked by a 
second coder. Graph descriptions were then parsed into idea units (i.e., statements that 
expressed one idea), and each idea unit was assigned a content code corresponding to 
one of eight graph elements: Framing (statements describing the set-up of the graph 
such as titles, axes, and the legend), Baseline (statements describing baseline data of the 
student/peers or procedures to obtain those data), Goal Setting (statements describing 
the goal or procedures to set the goal), Instructional Phases 1, 2, 3, and 4 (statements 
describing the data within a particular phase), and Goal Achievement (statements 
describing whether the student achieves the goal), or were assigned the code General 
Progress (statements describing the data across the four phases) or Reflective Statement 
(statements reflecting upon or evaluating the graph content).
Following the assignment of content codes, the graph descriptions were coded in two 
separate rounds of coding. In the first round, the descriptions were coded for accuracy, 
completeness, sequential coherence, and specificity. Accuracy was the percentage of 
statements correctly reflecting the data presented on the graph. Completeness was the 
number of graph elements mentioned (of the eight elements listed earlier). Sequential 
coherence was the percentage of statements that followed a logical and coherent 
sequence. To calculate sequential coherence, teachers’ descriptions were compared to 
an “ideal” sequence, that is, a sequence in which the eight graph elements were described 
in an order that reflected CBM implementation, and that progressed from Framing to 
Baseline to Goal Setting to Instructional Phases 1, 2, 3, and 4 to Goal Achievement (see 
Espin et al., 2017, for a detailed description of the coding process). 
Specificity was the percentage of statements that referred to progress in a specific 
instructional phase (coded as a Phase 1, 2, 3, or 4 statements) as opposed to statements 
that described progress in general (coded as a General Progress statement). Specificity 
was calculated by dividing the number of statements made about specific instructional 
phases by the total number of progress statements made. Note that the denominator 
we used for specificity is different than that used in Espin et al. (2017) and Wagner et al. 
(2017). In these studies, the denominator was the total number of statements included 
in the graph description.
In a second round of coding, data-to-data comparisons, data-to-goal comparisons, data-
to-instruction links, and raising-the-goal comments were coded. Data-to-data comparisons 
were the number of times teachers compared student performance or progress data in 
one instructional phase to either the baseline phase or to another instructional phase 
(e.g., His scores in Phase 1 are higher than his baseline scores. or He shows more progress in 







Phase 2 than in Phase 1). Data-to-goal comparisons were the number of times teachers 
compared student performance or progress data to the goal line or to the goal (e.g., Her 
scores are all below the goal line. or At this rate of growth she will achieve her goal). Data-
to-instruction links were the number of times teachers linked student performance or 
progress data to the student’s reading instruction and included comments that referred to 
the effectiveness of instruction or to the need for instructional changes (e.g., He is making 
progress in Phase 3, thus the change in instruction was effective. or His slope line was flat so 
the instruction was changed). Finally, raising-the-goal comments were the number of times 
teachers stated that the student’s goal should be raised when progress was greater than 
expected (e.g., Her slope is steeper than the goal, so the goal should be raised).
Graph descriptions were coded by the first author and 10 master’s students in 
Education and Child Studies. The students were trained by the first author across a 
number of sessions, each focusing on the various aspects of the coding procedures. 
Sessions lasted from 10-60 min, depending on which aspect was being addressed in the 
session. At the end of each session, the master’s students coded sample descriptions, and 
agreement with the first author was calculated. Students had to reach 80% agreement 
before they could begin coding that aspect. All data were double coded by the first 
author and one master’s student. Coding disagreements were discussed and resolved. 
If agreement could not be reached the second author was consulted.
Intercoder agreement
Intercoder agreement was calculated for every third graph description prior to 
discussions between coders. For the content codes (Framing, Baseline, Goal Setting, etc.) 
and for accuracy, agreement was calculated by dividing the number of agreements by 
the number of agreements plus disagreements, and multiplying by 100. Agreement 
for the content codes was 89.94%. (Recall that content codes were used to calculate 
completeness, sequential coherence, and specificity; therefore, separate agreement 
percentages are not reported for these variables). Agreement for accuracy was 97.03%.
For data-to-data comparisons, data-to-goal comparisons, data-to-instruction links, 
and raising-the-goal comments, coders identified the number of occurrences of each 
variable in the graph descriptions. Agreement was calculated per variable in two steps. 
First, agreement was calculated per graph description by dividing the smaller number 
of occurrences by the larger number of occurrences, and multiplying by 100. Second, 
average agreement across descriptions was calculated. Agreement was 81.63% for 
data-to-data comparisons, 87.46%, for data-to-goal comparisons, 80.90% for data-to-
instruction links, and 98.36% for raising-the-goal comments.
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secondary dependent Variable: social Validity of CbM instructional approaches
The social validity of each CBM instructional approach was assessed via a self-developed 
10-item Social Validity Scale. Teachers first rated five statements about CBM (I understand 
what CBM is.; I think CBM graphs are easy to read.; I think CBM graphs would be helpful for 
instructional decision-making.; I think I am sufficiently trained to use CBM in my class.; I would 
like to use CBM in my class for individual students with reading problems.), and four statements 
about the instructional video (I thought the CBM video instruction was clear/interesting/useful/ 
informative.). These 9 items were on a 4-point Likert scale, ranging from strongly disagree to 
strongly agree. The tenth item asked teachers to rate the video on a scale of 1-10, with 10 
being the highest rating. (As described earlier, CONTROL teachers were shown the BASIC 
instructional video after study completion. They, then, also completed the Social Validity 
Scale for this video, thus Social Validity data were also available from the CONTROL group.)
Procedures
Data for the study were collected on an individual basis at a place convenient for the 
teacher (school, home, or university) in a session lasting from 1.5 to 2 hrs. Teachers in 
the three CBM instructional conditions completed the tasks in the same order: Graph-
reading Self-perception Scale, Graph-reading Test, Pretest CBM Graph-description 
Task, CBM instructional video, Social Validity Scale, Posttest CBM Graph-description 
Task, and demographic questionnaire. Teachers in the CONTROL condition completed 
the tasks in nearly the same order, with the exception that, instead of watching the 
CBM instructional video, teachers completed the two filler tasks about assessment in 
schools. In addition, teachers completed the demographic questionnaire at this point. 
After study completion control teachers were shown the BASIC instructional video and 
completed the Social Validity Scale for this video. 
Data collectors were the first author and the 10 master’s students. Prior to data 
collection, the students were trained by the first author in a single session in which they 
practiced all data collection procedures. With the exception of the Pre- and Posttest CBM 
Graph-description Task, all data were collected via computer. The CBM Graph-description 
Task was administered by the data collector, who gave instructions and acted as the 
“parent” who listened to the graph description. Data collectors were present during the 
entire session to ensure that the teachers completed all tasks, and to collect fidelity 
data. All teachers completed all tasks except for one teacher, who did not complete 
the Social Validity Scale. Fidelity of implementation for the CBM instructional videos 
was 100%; that is, all participating teachers watched the correct video and all teachers 
completed all interactive practice tasks during the video. Data collectors were observed 
by the first author on their first data-collection session, and again at (approximately) the 
15th session. All data collectors adhered to all data-collection procedures.








Teachers’ CbM graph Comprehension: descriptives
Descriptive statistics on teachers’ pre- and posttest scores on the various aspects of CBM 
graph comprehension are reported in Table 5.2. Pretest scores for the 16 teachers that 
were dropped from the original sample are reported in the note under the table. It is 
worthwhile to note that including these 16 teachers in the analyses did not change the 
pattern of results that were found.




























































































































































Note. ACC = Accuracy, COM = Completeness (out of 8), SEQ = Sequential coherence, SPEC = Specificity, DD = 
Data-to-data comparisons, DG = Data-to-goal comparisons, DI = Data to-instruction links. Mean pretest scores 
for the 16 teachers that were dropped from the sample were: ACC: 97.71 (SD = 4.55), COM: 7.63 (SD = 0.81), 
SEQ: 59.97 (SD = 14.95), SPEC: 95.78 (SD = 7.73), DD: 2.31 (SD = 1.25), DG: 2.63 (SD = 1.89), DI: 4.88 (SD = 2.50). 
Mean pretest scores for the total sample (see column 1 in Table 5.2) revealed that 
teachers’ graph descriptions were accurate and complete prior to CBM instruction. 
Approximately half of the statements that teachers made in their descriptions were 
in a logical, coherent order, and a large percentage of their statements were specific. 
Teachers made data-to-data comparisons, data-to-goal comparisons, and data-to-
instruction links. Mean posttest scores for the total sample revealed that scores increased 
for sequential coherence, specificity, data-to-goal comparisons, and data-to-instruction 
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links. Dependent t-tests and Wilcoxon signed-rank tests revealed that these increases 
were statistically significant (sequential coherence: t(163) = -5.44, p < .001, d = -0.42, 
specificity: z = -5.31, p < .001, r = -.29, data-to-goal comparisons: z = -5.88, p < .001, r = 
-.32, data-to-instruction links: z = -8.52, p < .001, r = -.47). No significant increases were 
found for accuracy (z = -0.31, p = .75), completeness (z = -1.2, p = .23), or data-to-data 
comparisons (t(163) = -0.62, p = .54).
Comments about raising the goal were rarely made in the think-alouds and thus 
means and standard deviations are not reported in Table 5.2. Instead it was counted 
how many teachers mentioned raising the goal. At pretest, no teacher mentioned 
raising the goal. At posttest, only 30 teachers (18%) mentioned raising the goal: 0 in the 
CONTROL, 6 (16%) in the BASIC, 11 (26%) in the INTERPRETATION, and 13 (33%) in the 
INTERPRETATION + LINKING groups. The significance of the differences in percentages 
between groups was examined using six pairwise “N-1” Chi-squared tests for 
comparisons of proportions with a Bonferroni corrected alpha level of .0083 (0.05/6) for 
each test. Results revealed significant differences between the three CBM instructional 
groups and the CONTROL group (χ2(1) = 7.51, p = .0061 for BASIC, χ2(1) = 12.95, p = .0003 
for INTERPRETATION, and χ2(1) = 17.02, p < .0001 for INTERPRETATION + LINKING). No 
significant differences were found between the three CBM instructional groups.
effectiveness of CbM instructional approaches: Profile analysis
To examine pre-post group differences in teachers’ CBM graph comprehension, profile 
analysis was conducted. Profile analysis is a particular way of conducting multivariate 
analysis of variance (MANOVA) and often is described as the multivariate approach 
to repeated measures analyses (Tabachnick & Fidell, 2012). Profile analysis is used to 
compare the profiles of groups of participants who have been measured on several 
dependent variables at the same time. The results of the analysis are presented visually 
in the form of profile plots that represent the profiles of different groups of participants 
for a set of dependent variables. 
When comparing the profiles of different groups of participants, three types of 
questions are answered: (1) Are the profiles of the different groups parallel?, (2) Does one 
group, on average, have higher scores for the dependent variables than another group?, 
and (3) Are the scores for all of the dependent variables on average the same? These 
three questions are referred to as parallelism, difference in levels, and flatness, and are 
answered by examining the GLM results of the within-subjects interaction effect, the 
between-subjects effect, and the within-subjects effect, respectively. If the profiles are 
not parallel, the question of flatness is irrelevant because non-parallel profiles are per 
definition not flat. 







The goal of our profile analysis was to compare the CBM graph-comprehension 
profiles for teachers in the four conditions: CONTROL, BASIC, INTERPRETATION, and 
INTERPRETATION + LINKING. The aspects of comprehension included in the analysis were 
sequential coherence, specificity, data-to-data comparisons, data-to-goal comparisons, 
and data-to-instruction links. Accuracy and completeness were not included because 
there was a ceiling effect and relatively little variation in these scores at both pre- and 
posttest (see Table 5.2). Raising-the-goal comments were not included because of their 
relatively low occurrence.
To compare groups in a profile analysis, all variables must be on the same scale 
(Tabachnick & Fidell, 2012), thus, scores on our variables had to be standardized. We 
calculated pre-post change scores by subtracting the pretest from the posttest scores, 
and we then standardized these change scores.
The first step in profile analysis was to evaluate assumptions. The groups had 
sufficiently equal sample sizes, the smallest group (n = 38) included (far) more cases 
than the number of dependent variables (5), justifying multivariate analysis, and 
there were no missing data. The assumption of multivariate normality was met for all 
dependent variables except specificity. The distribution of specificity was bimodal: For 
most teachers, their pre- and posttest specificity scores were relatively similar, but for 
a few teachers there was a large discrepancy between pre- and posttest scores (for 
example, at pretest, 0% of their statements were specific, whereas at posttest 100% of 
their statements were specific). Given that the sample size was sufficiently large (n > 30), 
specificity was kept in the analysis.
Inspection of boxplots revealed 13 outliers for data-to-goal comparisons and 12 
outliers for specificity. We had no valid reason to drop the outliers from the sample 
and for all cases, Cook’s distances were smaller than 1, indicating that the outliers had 
no substantial impact in determining the outcome of the analysis. Thus, the outliers 
were kept in the data set. The assumptions for linearity, homogeneity of regression, and 
multicollinearity and singularity were met. The assumption of homogeneity of variance-
covariance matrices was not met; therefore Games-howell corrections were used to 
interpret the results.
A GLM repeated measures analysis with teachers’ standardized pre-post change 
scores for CBM graph comprehension was conducted. Results of the within-subjects 
effect test for parallelism (i.e., the interaction between CBM graph comprehension and 
condition) revealed that the profiles of teachers in the four groups were significantly 
non-parallel, indicating that the profile of the dependent variables differed for at least 
one group (see Figure 5.2; F(12, 640) = 6.29, p > .001, η2
p




Figure 5.2. Profiles of the standardized CBM graph-comprehension pre-post change scores from 
the four groups of teachers (CONTROL, BASIC, INTERPRETATION, and INTERPRETATION + LINKING). 
SEQ = Sequential coherence, SPEC = Specificity, DD = Data-to-data comparisons, DG = Data-to-
goal comparisons, DI = Data to-instruction links.
Results of the between-subject effect to test for the differences in levels revealed 
a main between-subjects effect for condition (F(3, 160) = 6.85, p < .001, η2
p
 = .11 
(medium effect), 95% CI = -0.44, 0.31). Multiple follow-up comparisons with Games-
howell correction revealed that teachers in the three CBM instructional groups had 
larger pre-post change scores for the total set of dependent variables than teachers 
in the CONTROL group (p = .007 for BASIC, p = .001 for INTERPRETATION, and p = .004 
for INTERPRETATION + LINKING). No significant differences in pre-post change scores 
were found among the three instructional groups. Further, the mean pre-post change 
score for the total set of dependent variables represented an increase for teachers in the 
instructional groups, whereas it represented a decrease for the CONTROL teachers (see 
Figure 5.2). The flatness test was not examined because profiles were not parallel.
The deviation from parallelism was evaluated by examining the profiles per group 
(i.e., the group profiles) through simple-effects analyses. That is, we examined group 
differences for each dependent variable. The simple effects analyses revealed that 
there were no differences between groups in pre-post change scores for sequential 
coherence (F(3, 160) = 1.07, p = .37), specificity (F(3, 160) = 0.49, p = .69), or data-to-data 
comparisons (F(3, 160) = 1.17, p = .32).







however, differences between groups were found for data-to-goal comparisons (F(3, 
160) = 6.14, p = .001, η2
p
 = .10 (medium effect)) and for data-to-instruction links (F(3, 160) 
= 33.49, p < .001, η2
p
 = .39 (large effect)). Contrasts were defined based on an evaluation 
of the profile plot (see Figure 5.2), where it can be seen that for data-to-goal comparisons 
(DG), teachers in the three instructional groups had larger pre-post changes scores 
than CONTROL teachers (contrast 1). Moreover, it can be seen that teachers in the 
INTERPRETATION group had larger pre-post change scores than teachers in the BASIC 
group (contrast 2), and that teachers in the INTERPRETATION + LINKING group had larger 
pre-post changes scores than both teachers in the BASIC group (contrast 3) and in the 
INTERPRETATION group (contrast 4). The first three contrasts were significant (t(160) = 
-2.61, p = .01, d = -0.41; t(160) = 2.31, p = .02, d = 0.37; and t(160) = 3.25, p = .001, d = 0.51 
respectively), but the fourth contrast was not (t(160) = 0.84, p = .40). With regard to data-
to-instruction links (DI), the profile plot revealed that teachers in the three instructional 
groups had larger pre-post change scores than CONTROL teachers (see Figure 5.2), and 
this contrast was significant (t(160) = -3.86, p < .001, d = -0.61).
In sum, the results of the profile analysis revealed that the profiles of the CBM 
graph-comprehension pre-post change scores were not parallel across the four groups. 
Overall, teachers in the three CBM instructional groups had significantly larger pre-post 
change scores for CBM graph comprehension than did teachers in the CONTROL group. 
Further, the mean pre-post change score for teachers in each of the three instructional 
groups across the total set of dependent variables was positive, whereas for teachers 
in the CONTROL group it was negative. More specifically, teachers who received CBM 
instruction improved more on data-to-goal comparisons and data-to-instruction links 
than teachers who received no CBM instruction. Moreover, for data-to-goal comparisons, 
significant differences were found among the instructional groups, with the teachers in 
the INTERPRETATION and the INTERPRETATION + LINKING groups improving more than 
teachers in the BASIC group.
social Validity of CbM instructional approaches: descriptives.
Teachers’ overall ratings for the CBM instructional videos were fairly positive, with an 
average rating across teachers of 7.96 (SD = 0.96) out of 10. Mean overall ratings were 
similar across the four groups (BASIC: M = 7.82 (SD = 1.18); INTERPRETATION: M = 7.79 
(SD = 0.90); INTERPRETATION + LINKING: M = 8.05 (SD = 0.79); CONTROL: M = 8.18 (SD 
= 0.76)). (Recall that CONTROL teachers rated the BASIC video after study completion.) 
Teachers’ ratings of the specific characteristics of the videos (i.e., clear, interesting, 
useful, informative) also were positive, with an average rating across teachers of 3.52 
(SD = 0.46) out of 4. Mean ratings were similar across the four groups (BASIC: M = 3.43 
(SD = 0.48); INTERPRETATION: M = 3.57 (SD = 0.45); INTERPRETATION + LINKING: M = 3.53 
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(SD = 0.45); CONTROL: M = 3.55 (SD = 0.47)). 
Ratings of CBM also were positive, with an average rating across teachers of 3.54 
(SD = 0.38) out of 4. Mean ratings were similar across the four groups (BASIC: M = 3.48 
(SD = 0.38); INTERPRETATION: M = 3.47 (SD = 0.40); INTERPRETATION + LINKING: M = 3.58 
(SD = 0.35); CONTROL: M = 3.61 (SD = 0.37)).
disCussion
Reading and interpreting CBM progress graphs is an important skill for general and 
special education teachers. CBM progress graphs often provide focus for team meetings, 
and are meant to guide instructional decision-making for students in Tier 2 and Tier 3. 
Yet, if teachers do not interpret the data correctly and/or do not link it to instruction, 
the data are useless. The purpose of this study was to examine the effects of instruction 
on teachers’ CBM graph comprehension, and to examine whether effects differed 
by instructional approach. We also examined the social validity of each instructional 
approach.
effectiveness of CbM instructional approaches
As a group, teachers became more coherent and specific in their graph descriptions, 
and their descriptions included more data-to-goal comparisons and data-to instruction 
links at posttest than at pretest. Improvements in CBM graph comprehension from 
pre- to posttest were significantly greater for teachers in the three CBM instructional 
groups than for teachers in the control group, and these differences were due primarily 
to the improvements in data-to-goal comparisons and data-to-instruction links. That 
is, teachers in the three instructional groups were more likely to compare student 
performance or progress to the goal (line) and to describe the link between that 
performance or progress and instruction, than were teachers in the control group. 
Improvements in data-to-goal comparisons and data-to-instruction links are of 
special importance within CBM. As mentioned earlier, it are these aspects of graph 
comprehension that have proven to be challenging for teachers (van den Bosch et al., 
2017) but are the very essence of CBM data-based decision-making. To make CBM data-
based decisions, teachers must compare student performance or progress to the goal 
to determine whether the progress is as expected/desired (data-to-goal comparison), 
and then must link the information to instruction to decide whether there is a need 
to change instruction (data-to-instruction link). The improvements that we found for 
data-to-instruction links especially are impressive when one considers that the number 
of such links on the posttest of teachers in the instructional groups was 4.9, which was 







nearly the same as the number made by the CBM graph-reading experts in van den 
Bosch et al. (2017), who made 5 such links.
Although it is interesting that teachers in the instructional groups improved more 
than teachers in the control group on certain aspects of CBM graph comprehension, 
our primary interest was whether differences among the three instructional 
approaches would be found. Results of the profile analysis revealed that teachers in 
both the INTERPRETATION and INTERPRETATION + LINKING groups showed a greater 
increase in data-to-goal comparisons than teachers in the BASIC group, suggesting 
that the interactive instruction and practice included in the INTERPRETATION and 
INTERPRETATION + LINKING videos was worthwhile, at least with regard to making data-
to-goal comparisons. 
It was somewhat surprising that no significant differences were found for the other 
aspects of CBM graph comprehension examined in this study. With regard to accuracy 
and completeness, scores were high at pretest for all groups, leaving little room for 
improvement. On average, teachers were nearly 98% accurate, and were complete 
in their graph descriptions, mentioning 7 of 8 possible graph elements (88%). The 
completeness scores are higher than those found in van den Bosch et al. (2017), where 
teachers mentioned only 6 of 9 graph elements (67%). Differences may relate to the 
fact that we asked teachers to describe the graphs as if they were describing them to 
a parent, whereas van den Bosch et al. asked teachers to tell all they were seeing and 
thinking. Perhaps the parent-directed prompt led teachers to be more complete in their 
descriptions. With regard to data-to-data comparisons, it was not clear why teachers 
did not improve. That is, there was room for improvement. It could be that comparing 
student data from one instructional phase to data from another phase is a difficult 
skill and/or that teachers are not used to comparing data across phases, which is quite 
unique to CBM. Teachers, therefore, may need more or more explicit instruction on how 
to make data-to-data comparisons and on the importance of making such comparisons 
than was provided in the CBM instructional videos.
With regard to sequential coherence and specificity, results revealed that practice 
alone was enough to improve teachers’ coherence and specificity in graph descriptions. 
however, it is important to note that for sequential coherence there was room for more 
improvement. Sequential coherence for teachers on the posttest was only 65%. For the 
CBM experts in the Wagner et al. (2017)/van den Bosch et al. (2017) studies, sequential 
coherence was 85%. It was disappointing that teachers in the instructional groups did 
not improve more in describing CBM graphs in a logical and sequential manner than 
control teachers. Such a skill is important for communicating with parents in parent 
meetings or with professionals in team meetings. Teachers may need more than a 
relatively short (25-45 min) instructional video to describe CBM graphs in coherent 
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manner, or may need explicit instruction on how to effectively communicate CBM data. 
Such explicit instruction was not included in the CBM instructional videos.
Although because of their low occurrence, raising-the-goal comments were not 
included in the profile analysis, we think it is important to reflect upon the percentage 
of teachers who made such comments. At pretest, no teacher mentioned raising the 
goal. At posttest, teachers in all three instructional groups, but not in the control group, 
mentioned raising the goal, with the largest percentage seen in the INTERPRETATION 
and INTERPRETATION + LINKING groups. L. S. Fuchs, Fuchs, and hamlett (1989b) found 
that teachers who set more ambitious goals and who raised the goal in response to 
the CBM data affected greater student gains than teachers who set less ambitious 
goals and did not raise the goal in response to the data. Our results suggest that CBM 
video instruction, and in particular the two videos that provide interactive instruction 
and practice, may serve to raise teachers’ awareness of the importance of raising the 
goal. however, it will be imperative to examine whether effects are seen in actual CBM 
implementation, and it should be noted that even for the most extensive instructional 
approach still two-thirds of the teachers did not mention raising the goal at posttest.
social Validity of CbM instructional approaches
Teachers’ positive evaluations of the CBM instructional videos and of CBM itself 
supported the social validity of all three CBM instructional approaches. Given that 
educators’ positive attitudes towards data-based decision-making are related to the 
effects of data-based decision-making on student progress (Keuning et al., 2017), it is 
encouraging that the teachers, who were not familiar with CBM prior to participating 
in the study, developed a positive attitude about CBM via the instructional videos, and 
were positive about the video instruction itself. 
Our results related to social validity fit well with results from Kennedy et al. (2016), 
who found that preservice teachers who received multimedia CBM instruction were 
more motivated than those who received the same instruction in an article format. Such 
results provide tentative support for the use of technology to provide CBM instruction 
to teachers. Such instruction can easily be incorporated into an online progress-
monitoring system, or offered as a stand-alone course in the context of e-learning. 
Limitations and related directions for future research
A limitation of the study was that the differences between the three instructional 
approaches may not have been large enough. For example, even in the BASIC condition, 
teachers received fairly detailed instruction on how to interpret and link the CBM data 
to instruction. It is not clear to what extent “typical” CBM instruction provides such 
instruction. It would be worthwhile to conduct a study to examine the content and form 







of “typical” CBM instruction. 
A second limitation of the study was that it included a convenience sample of 
teachers. Replication of the study with other samples of teachers is in order. 
Conclusion and implications
In conclusion, our results suggest that CBM video instruction can be used to improve 
two important aspects of teachers’ CBM graph comprehension: Making data-to-goal 
comparisons and linking data to instruction. Given that both the INTERPRETATION 
and INTERPRETATION + LINKING approaches resulted in significant improvements in 
one of these areas (making data-to-goal comparisons) over the BASIC condition, we 
could suggest use of the INTERPRETATION approach to instruction, which is shorter 
than an INTERPRETATION + LINKING approach. however, we present our conclusions 
with caution because we did not examine the effects of each instructional approach 
on teachers’ actual CBM implementation or data-based decision-making, and on 
the performance of students who struggle with reading. Before firm conclusions are 
drawn about the effects of various approaches to CBM instruction, it will be essential to 
examine the effects of each approach on actual CBM implementation and data-based 


















suMMarY and generaL disCussion 
This dissertation focused on teachers’ comprehension of student progress graphs from 
a progress-monitoring system called curriculum-based measurement (CBM; continue 
voortgangsmonitoring [CVM] in Dutch). CBM is a progress-monitoring system designed 
for teachers to use to monitor the progress of students with learning disabilities and to 
evaluate the effectiveness of the instruction for these students (Deno, 1985, 2003). 
Within CBM, short and simple measures are administered to students frequently, 
and the scores on those measures are depicted in individual progress graphs. Teachers 
inspect the graphs to evaluate student progress and the effects of instruction. Research 
demonstrates that when teachers use CBM to monitor student progress and when they 
respond to the data by making instructional and goal changes, student achievement 
improves (see Stecker, Fuchs, & Fuchs, 2005, for a review). however, research also 
demonstrates that teachers often do not respond to the data; that is, they collect the 
data but do not use the data for instructional decision-making (Stecker et al., 2005). 
Yet, it is only when the data are used to make instructional decisions that student 
achievement improves (Stecker et al., 2005).
One potential reason for teachers’ non-use of the data might be that teachers have 
difficulty reading and interpreting CBM progress graphs. For example, teachers may not 
recognize that a student is making inadequate progress and, thus, may not realize that 
the instruction needs to be changed.
This dissertation focused on teachers’ ability to read and interpret – that is, to 
comprehend – CBM progress graphs. The research presented in this dissertation built on 
two early, explorative studies of teachers’ CBM graph comprehension (Espin, Wayman, 
Deno, McMaster, & de Rooij, 2017; Wagner, hammerschmidt-Snidarich, Espin, Seifert, & 
McMaster, 2017). The results of these initial studies revealed that both inservice (Espin et 
al., 2017) and preservice (Wagner et al., 2017) teachers had difficulties with CBM graph 
comprehension, that years of experience implementing CBM was not related to CBM 
graph comprehension (Espin et al., 2017), and that preservice teachers comprehended 
CBM progress graphs less well than CBM experts (Wagner, et al., 2017). 
These two initial studies were limited in that they had relatively small sample sizes, 
focused primarily on the most basic level of graph comprehension (i.e., reading the 
data), and did not compare CBM graph comprehension of inservice teachers to CBM 
experts. Moreover, it was not clear from the studies whether difficulties with CBM graph 
comprehension were unique to teachers – that is, whether the difficulties were due to 
the fact that teachers are not good at CBM graph comprehension – or whether it was 
that case that CBM graphs were difficult to read and interpret – that is, that others also 
would comprehend CBM graphs less well than CBM experts.
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The research presented in this dissertation replicated and extended the studies of 
Espin et al. (2017) and Wagner et al. (2017). There were two specific goals. The first was 
to deepen and extend our knowledge about teachers’ comprehension of CBM progress 
graphs, and the second was to examine methods for improving teachers’ comprehension 
of CBM progress graphs. To address the first goal, we employed think-aloud and eye-
tracking methodologies to examine how teachers described (Chapter 3) and visually 
inspected (Chapter 4) CBM progress graphs. To address the second goal, we employed 
a randomized control design to compare the effectiveness of three instructional 
approaches for improving teachers’ CBM graph comprehension (Chapter 5).
In the following sections, the main findings of the studies described in Chapters 3, 
4, and 5 are summarized, integrated, and discussed. An outline of the limitations of the 
research and directions for future research are then provided, followed by implications 
for practice.
Teachers’ Comprehension of CbM Progress graphs
To further deepen and extend our knowledge about teachers’ CBM graph comprehension 
we employed think-aloud and eye-tracking methodologies. Twenty-three teachers 
were asked to describe CBM progress graphs and to “think out loud” while doing so. As 
teachers described the graphs, their eye movements were registered. Via the think-aloud 
data, we examined teachers’ ability to read, interpret, and link CBM data to instruction. 
Via the eye-tracking data, we examined teachers’ CBM graph-inspection patterns, that 
is, how long teachers inspected the various elements of the CBM graphs, and whether 
they inspected those elements in a logical sequence. In addition, we collected data from 
“gold standard” experts, that is, general-, education-, and/or CBM graph-reading experts. 
Data from the gold-standard experts provided a frame of reference for interpreting the 
teachers’ data, and provided insight into whether CBM graph comprehension difficulties 
were unique to teachers. 
Results related to the think-aloud data were reported in Chapter 3 and are referred 
to as the think-aloud study. Results related to the eye-tracking data were reported 
in Chapter 4 and are referred to as the eye-tracking study. The main findings across 
the think-aloud and eye-tracking studies were that (1) teachers had difficulties with 
comprehension of CBM progress graphs, and these difficulties were evident both in 
how teachers described the graphs and how they inspected the graphs, (2) CBM graph 
comprehension difficulties were not unique to teachers, and (3) teachers’ CBM graph 
comprehension difficulties were not limited to researcher-made graphs.







Teachers had difficulties with CBM graph comprehension
The think-aloud study revealed that teachers were not as good at describing CBM 
progress graphs as were CBM experts. That is, as a group, teachers were less complete 
and less sequentially coherent in their think-alouds, and made fewer data-to-data 
comparisons, data-to-goal comparisons, and data-to-instruction links than the CBM 
experts. however, there was variability among teachers. That is, some teachers had more 
difficulties than others with reading, interpreting, and linking CBM data to instruction. 
Findings related to differences in completeness and sequential coherence between the 
teachers and the CBM experts replicated the findings of Wagner et al. (2017), who found 
that preservice teachers were less complete and sequentially coherent in their think-
alouds than were CBM experts. Neither Wagner et al. nor Espin et al. (2017) examined 
the data-to comparisons/links in their research.
Although in general teachers performed more poorly than the CBM experts, 
some aspects of CBM graph comprehension appeared to be easier for teachers than 
other aspects. For example, most teachers were reasonably proficient at reading the 
data, but nearly all teachers had difficulties with interpreting and linking the data to 
instruction. That is, on average, teachers made few data-to-data-comparisons, data-to-
goal comparisons, and data-to-instruction links. Some teachers even did not make such 
comparisons or links at all; from the 23 teachers, three did not make any data-to-data 
comparisons, four did not make any data-to-goal comparisons, and twelve teachers 
did not make any data-to-instruction links. These findings fit well with research on 
general graph comprehension, and with Curcio’s (1987) and Friel, Curcio, and Bright’s 
(2001) assertion that reading between and beyond the data are the most difficult 
aspects of graph comprehension. In addition, the findings are similar to the results of a 
study by Zeuch, Förster, and Souvignier (2017) who found that teachers often did not 
spontaneously pay attention to reading beyond the data when interpreting CBM-like 
progress graphs.
Teachers’ difficulties with reading, interpreting, and linking CBM data to instruction 
were also reflected in the ways in which they inspected the graphs. Similar to the think-
aloud study, the eye-tracking study revealed that teachers inspected CBM graphs 
differently than the CBM expert. As a group, teachers devoted less visual attention to 
the most relevant aspects of CBM graphs (the data in the instructional phases), and 
more visual attention to the least relevant aspects of CBM graphs (the incorrect choices), 
than did the CBM expert. In addition, teachers inspected the graph elements in a less 
logical sequence than the CBM expert, and looked back and forth between adjacent 
instructional phases less often than the CBM expert. Again, there was variability among 
the teachers. Teachers with high-quality think-alouds were more similar to the CBM 
expert in their CBM graph-inspection patterns than teachers with low-quality think-
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alouds. That is, teachers with better think-alouds devoted more visual attention to 
the most relevant aspects of CBM graphs and inspected the graph elements in a more 
logical sequence than teachers with poorer think-alouds. 
The differences in CBM graph-inspection patterns between the teachers and the 
CBM expert are in line with the results from other eye-tracking studies that involve 
inspection of visual stimuli. This research reveals that experts focus more on task-relevant 
aspects of a visual stimulus than do novices, and that experts are more systematic and 
goal-directed in completing a visual task than are novices (e.g., Al-Moteri, Symmons, 
Plummer, & Cooper, 2017; Canham & hegarty, 2010; Gegenfurthner, Lehtinen, & Säljo, 
2011; Jarodzka, Scheiter, Gerjets, & van Gog, 2010; Vonder Embse, 1987). 
The finding that teachers inspected the various graph elements in a less logical 
sequence than the CBM expert, and that they looked back and forth between adjacent 
instructional phases less often than the CBM expert, also fit well with the results of the 
think-aloud study. That is, in their think-alouds, teachers described the CBM graphs in 
a less logical, sequential manner than the CBM experts, and compared student data 
across adjacent instructional phases (data-to-data comparisons) less often than the 
CBM experts. 
Taken together, the think-aloud and eye-tracking studies suggested that teachers 
have difficulties comprehending CBM graphs. But were these difficulties unique to 
teachers?
CBM graph comprehension difficulties were not unique to teachers
In the think-aloud study, data were collected not only from CBM experts, but also from 
general- and education graph-reading experts. Comparing the teachers’ think-aloud 
data to the data from these other experts revealed that CBM graph comprehension 
difficulties were not unique to teachers. Scores for the general- and the education-
graph reading experts were also lower than scores for the CBM experts. Moreover, 
for five specific aspects of CBM graph comprehension (i.e., accuracy, completeness, 
sequential coherence, comparing the data to the goal/goal line, and linking the data 
to instruction), teachers’ scores were similar to, or higher than, scores of the general 
graph-reading experts. In addition, for two specific aspects (i.e., sequential coherence 
and comparing the data to the goal/goal line), teachers’ scores were similar to, or higher 
than, scores of the education graph-reading experts.
In general, these data revealed that teachers were not the only ones who had 
difficulties with CBM graph comprehension, indicating that CBM graphs can be difficult 
to read and interpret. This finding fits with the other graph-comprehension research 
that demonstrates that graphs often are difficult to read and interpret (see Friel et al. 
2001; Glazer, 2011; Shah & hoeffner, 2002, for reviews). It also fits with single-subject 







design graph-interpretation research that demonstrates that graphs with “simple” A-B 
designs are difficult to analyze and interpret (see Kratochwill, Levin, horner, & Swoboda, 
2014, for a review).
Teachers’ CBM graph comprehension difficulties were not limited to researcher-made 
graphs
It was possible that teachers’ difficulties with CBM graph comprehension were in part 
due to the fact that they were inspecting and describing researcher-made graphs with 
fictitious student data that were not directly relevant to the teachers. We anticipated 
that teachers might be more likely to make data-to-goal comparisons and data-to-
instruction links when describing graphs of their own students because they could 
bring to bear background knowledge about the students and about the students’ 
instruction. however, this anticipation was not supported by our results. The think-
aloud data revealed that teachers also made few data-to-goal comparisons and data-
to-instruction links for the student graphs. Especially data-to-instruction links were 
rarely made. Only six (out of 23) teachers made at least one such link for the student 
graphs. These findings are of concern because it are precisely such comparisons/links 
that guide the teachers’ instructional decision-making. In other words, when teachers 
compare the student’s progress to the goal/goal line and see that students’ actual rate 
of growth is less than the expected/desired rate of growth, the teachers should link the 
data to instruction and conclude that the instruction is ineffective and thus needs to be 
modified or changed. Only via such data-based instructional decision-making does CBM 
implementation lead to improvements in student achievement (Stecker et al., 2005). 
Taken together, the results of the think-aloud and eye-tracking studies demonstrated 
that teachers had difficulties with inspecting CBM progress graphs, and with reading, 
interpreting, and linking the data to instruction. The results further demonstrated that 
such difficulties were not unique to teachers, suggesting that comprehension of CBM 
graphs requires specific, directed instruction in CBM graph comprehension. Given that 
teachers’ difficulties were primarily related to interpreting and linking CBM data to 
instruction, instruction in these areas seems especially warranted.
improving Teachers’ Comprehension of CbM Progress graphs
To address the second goal of the research presented in this dissertation – that is, to 
examine methods for improving teachers’ comprehension of CBM graphs – we employed 
a randomized control design. One hundred sixty-four teachers were randomly assigned 
to one of three CBM instructional conditions (the BASIC condition, the INTERPRETATION 
condition, and the INTERPRETATION + LINKING condition) or to a control condition. 
(Recall that the three instructional conditions differed in the extent to which they 
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emphasized reading the data, interpreting the data, and linking the data to instruction.) 
CBM instruction was delivered via instructional videos. 
Via the randomized control study, we examined the effects of the three CBM 
instructional approaches on teachers’ CBM graph comprehension, that is, how they read, 
interpret, and link CBM data to instruction. Building upon the earlier studies, teachers’ 
CBM graph comprehension was measured via a think-aloud-like task; however, in this 
study, teachers were asked to describe a CBM graph as if they were describing it to the 
student’s parent. Teachers described the graphs prior to and following the intervention. 
Teachers also evaluated the CBM instructional videos and CBM. 
The data from the randomized control study (referred to as the intervention study) 
were reported in Chapter 5. The main findings of the study were that (1) teachers’ CBM 
graph comprehension, and in particular their ability to interpret and link the data to 
instruction, was improved via CBM instruction, (2) the additional interactive instruction 
and practice provided in the second and third instructional approaches led to greater 
improvement for interpreting the data, but not for linking the data to instruction, than 
the basic instructional approach, and (3) teachers evaluated the CBM instructional 
videos and CBM positively.
Teachers’ CBM graph comprehension was improved via CBM instruction
Results of the intervention study revealed that teachers in the three instructional groups 
improved more in CBM graph comprehension than teachers in the control group. This 
finding is perhaps not so surprising given that one would expect (and hope) that CBM 
instruction would lead to improved CBM graph comprehension, but it is important to 
verify that teachers’ CBM graph comprehension can be improved via instruction. More 
notable, perhaps, is the fact that teachers’ comprehension was improved with a 25-45 
min instructional video, implying that improvements can be obtained in a relatively 
short time and within a digital context.
Interestingly, and importantly, teachers’ abilities to interpret CBM data and link it 
to instruction were the primary areas that improved via the instructional videos. These 
were the aspects of CBM graph comprehension that were the most difficult for teachers 
in the think-aloud study. It should be noted, however, that for interpreting the data, 
improvements were found only for the number of data-to-goal comparisons, not for 
the number of data-to-data comparisons made by teachers. The finding that teachers 
did not make more data-to-data comparisons following CBM instruction was somewhat 
disappointing, and supports to the idea that interpreting the data, and especially 
comparing data across instructional phases (i.e., making data-to-data comparisons), is a 
difficult skill for teachers. What was also somewhat disappointing was that teachers did 
not improve more with regard to describing the CBM graphs in a logical and coherent 







manner (i.e., sequential coherence).
Additional interactive instruction and practice led to greater improvement for 
interpreting the data
Although it was positive that CBM instruction led to improved CBM graph comprehension 
for teachers, and in particular to increases in the number of data-to-goal comparisons 
and data-to-instruction links made by teachers, our primary focus was on whether 
differences between the three CBM instructional approaches would be found. 
As mentioned earlier, each approach differed in the extent to which reading the 
data, interpreting the data, and linking the data to instruction were emphasized. In the 
BASIC condition, teachers were told how to interpret and link the data to instruction, 
and were given examples of how that should be done. In both the INTERPRETATION 
and INTERPRETATION + LINKING conditions, teachers were provided with the same 
information given in the BASIC condition, but also were provided with additional, 
interactive instruction and practice on these skills. We anticipated that additional 
interactive instruction and practice would result in greater improvement than 
explanation and modeling only; however, effects were seen only for interpreting the data, 
and only for data-to-goal comparisons. That is, teachers in both the INTERPRETATION 
and INTERPRETATION + LINKING conditions experienced a greater increase in the 
number of data-to-goal comparisons than did teachers in the BASIC condition. The 
INTERPRETATION and INTERPRETATION + LINKING CBM instructional approaches, 
thus, led to greater improvements in one aspect of CBM graph comprehension (i.e., 
comparing student’ progress to the goal/goal line) than the BASIC CBM instructional 
approach.
Teachers evaluated the CBM instructional videos and CBM positively
Teachers evaluated the CBM instructional videos positively, with an average rating 
across teachers of 8 out of 10. Teachers’ ratings of the specific characteristics of the 
videos revealed that teachers thought the videos were clear, interesting, useful, and 
informative. Mean ratings were similar across the CBM instructional videos, meaning 
that the three videos were evaluated equally positive by the teachers. These findings 
fit well with results from a study of Kennedy et al. (2016) on improving preservice 
teachers’ knowledge of CBM, that showed that preservice teachers were positive about 
CBM multimedia instruction and were motivated to learn about CBM via multimedia 
instruction.
The teachers in our intervention study were not only positive about the CBM 
instructional videos; they also evaluated CBM itself positively. Teachers’ ratings of CBM 
revealed that, after watching the instructional videos, they understood what CBM was, 
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they felt they could interpret the graphs and were sufficiently trained to use CBM in 
their class, and they felt that CBM would be helpful for instructional decision-making 
and that they would like to use CBM in their class for individual students with reading 
difficulties. These findings are line with the findings of Foegen, Espin, Allinder, and 
Markell (2001), who found that preservice teachers were positive about CBM’s utility 
after watching a videotaped presentation about CBM.
Taken together, it was encouraging that teachers who were not familiar with CBM 
developed a positive attitude about CBM via the CBM instructional videos, and were 
positive about the videos itself. This was especially encouraging given the fact that 
educators’ attitudes towards data-based decision-making are related to the effects of 
data-based decision making on student progress (Keuning, van Geel, & Visscher, 2017).
Limitations and directions for future research
Link between CBM graph comprehension and CBM data use
Perhaps the major limitation of the research presented in this dissertation is that the 
link between teachers’ comprehension of CBM progress graphs and teachers’ actual 
CBM implementation was not examined. Although one might assume that CBM graph 
comprehension contributes to improved CBM implementation – especially as it relates 
to using the data for instructional decision-making – and that improved implementation 
leads to improved student achievement, such relations must be directly tested in future 
research. 
It will be important in such research to include samples sizes large enough to 
examine the moderating/mediating effects of other factors both on teachers’ CBM 
graph comprehension and on their CBM data use. For example, general graph literacy 
might influence the comprehension of particular graphs (e.g., see Chapter 3 of this 
dissertation; see Friel et al., 2001; Glazer, 2011; Shah & hoeffman, 2002, for reviews). 
Given that in the think-aloud study results regarding the relation between graph literacy 
and CBM graph comprehension were mixed, this relation must be examined again with 
a larger sample, and with a graph-literacy test that does not produce a ceiling in scores. 
In addition, the effects of content/pedagogical knowledge, for example, knowledge 
of reading and reading instruction, should be examined. Knowledge of the content 
presented in a graph influences comprehension of that graph (e.g., Friel et al., 2001; 
Glazer, 2011; Shah, 2002), and the use of data from progress-monitoring systems to 
tailor instruction to the needs of students requires knowledge of the subject matter 
and knowledge of differentiating instruction (Staman, Visscher, & Luyten, 2014). As 
related to CBM progress-monitoring, this suggests that teachers with more content/
pedagogical knowledge may better comprehend CBM progress graphs and may be 







more likely to respond to the data with instructional changes, than teachers with less 
content/pedagogical knowledge. 
Finally, the role of teacher efficacy should be examined. Teacher efficacy refers to 
teachers’ beliefs in their ability to affect student performance (e.g., Gibson & Dembo, 
1984; Tschannen-Moran & Woolfolk hoy, 2001), and teacher efficacy “affects the effort 
teachers invest in teaching, the goals they set, and their level of aspiration” (Tschannen-
Moran & Woolfolk hoy, 2001, p. 783). As related to CBM progress monitoring in reading, 
it would be important to examine teachers’ sense of efficacy in reading as it relates to 
teachers’ use of the data. If teachers believe that they can affect change in a student’s 
performance, they may be more likely to respond to the data with instructional changes.
It is possible that CBM graph comprehension not only affects CBM implementation 
but that CBM implementation also affects CBM graph comprehension. That is, it may be 
the case that CBM implementation over the course of an entire academic year leads to 
improved CBM graph comprehension. Although Espin et al. (2017) found no relation 
between experience with CBM implementation and CBM graph comprehension, their 
sample was very small, experience was measured via self-report questions, and the 
study did not explore the moderating/mediating effects of general graph literacy or 
content/pedagogical knowledge.
There is a need to examine the link between CBM graph comprehension and CBM 
implementation, and in particular CBM data use, more closely with a large enough 
sample size and in an actual classroom setting. In addition, in such research teachers’ 
comprehension of students graphs should be examined again based on graphs of 
students that teachers have monitored over the entire academic year (instead of 
a period of only 10-12 weeks). Finally, it would be good in such research to use the 
more “authentic” prompt used in the intervention study, where teachers were asked to 
describe a CBM graph as if they were describing it to the student’s parent. Related to this 
point, it would be interesting to actually examine to what extent teachers’ are able to 
describe CBM progress graphs to parents in an actual parent meeting or to colleagues 
in an actual team meeting.
Effects of CBM instructional approaches on CBM data use
A second limitation of the research, and one that relates to the first limitation, is that 
we did not examine the effects of the CBM instructional videos on teachers’ actual 
CBM implementation and their use of CBM data for instructional decision-making, 
and the subsequent effects on student achievement. In our intervention study, results 
revealed few differences between the three instructional approaches on teachers’ CBM 
graph comprehension; however, it is possible that the three instructional approaches 
would lead to differences in actual CBM data use. It will be important in future research 
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to examine the effects of the different instructional approaches on actual CBM 
implementation and data use.
A related issue is the extent to which the “BASIC” instructional approach represented 
typical CBM training. Our results imply that the basic instructional approach was nearly 
as effective as the two longer, more intensive instructional approaches with respect to 
CBM graph comprehension. however, it is not clear whether the type and amount of 
information provided in the basic instructional approach were typical of the information 
provided in CBM trainings. Currently, we are conducting a study to examine what 
proportion of CBM training materials is devoted to interpreting the data and linking it 
to instruction.
Although the link between CBM graph comprehension and CBM data use, and the 
effects of the instructional approaches on CBM data use were not examined in this 
dissertation, the research presented here does provide a foundation for future research 
and development. The think-aloud and eye-tracking methodologies developed for this 
research can be used in future studies to gauge teachers’ CBM graph comprehension, 
and to examine the influence on actual CBM implementation and data use. Further, 
the CBM instructional videos can be used for further exploration of the effects of CBM 
instruction not only on CBM graph comprehension, but also on CBM implementation 
and data use. Such instructional videos might eventually be developed into digital 
courses that can be made widely available via Massive Online Open Courses (MOOCS) 
or Small Private Online Courses (SPOCS).
importance of and need for CbM graph Comprehension
Before describing the implications of the research for practice, we wish to return to 
and briefly expand upon a topic raised in the limitations section: To what extent is CBM 
graph comprehension necessary for CBM implementation and data use? In research and 
articles about data-based instructional decision-making, analyzing and interpreting 
the data are often seen as essential prerequisites for the optimal use of the data in the 
classroom (e.g., Mandinach, 2012; Schildkamp & Kuiper, 2010; van der Kleij & Eggen, 
2013). One could, however, argue that teachers do not actually need to comprehend 
CBM graphs in order to use the data to make instructional decisions. For example, 
computer technology could be used to prompt teachers to make instructional or goal 
changes, and to provide teachers with recommendations for what type of changes to 
make. 
Indeed the work by Fuchs, Fuchs, and colleagues (see L. S. Fuchs & Fuchs, 1989; L. S. 
Fuchs & Fuchs, 2002; Stecker et al., 2005, for reviews) indicates that providing teachers 
with such prompts and feedback can significantly improve teachers’ use of CBM data 
for decision-making, and, subsequently, students’ achievement. What is not known 







from this previous research is whether, and to what extent, CBM graph comprehension 
contributes to CBM data use in the presence of technological supports. however, we 
would posit that there are reasons to believe that CBM graph comprehension is an 
important factor, and should be included in future research on CBM implementation 
and data use. 
First, teachers’ active involvement in graph inspection and interpretation may be an 
important factor in eventual data use. L. S. Fuchs and Fuchs (L. S. Fuchs, 1988; L. S. Fuchs 
& Fuchs, 1989) argued that computer technology might serve to distance teachers from 
the data, and that it is important for teachers to be actively involved with interpreting 
the data in order to make effective data-based instructional decisions. This argument 
was supported by a study that demonstrated that enhancing teacher involvement in 
formulating instructional decisions based on CBM data led to improvements in the 
timing of goal and instructional changes (L. S. Fuchs, Fuchs, & hamlett, 1989a).
Second, teachers may be more likely to respond to the data with instructional 
changes if they understand and “believe” the graphed data. Previous research has 
demonstrated that preservice and inservice teachers do not necessarily believe in 
or trust CBM data (Foegen et al., 2001; Landrum, Cook, Tankersly, & Fitzgerald, 2007). 
Better comprehension of the data might improve their belief in the data, their trust in 
the computer-generated recommendations, and, ultimately, their willingness to use 
the data to make instructional decisions such as implementing instructional or goal 
changes.
In sum, it seems worthwhile to consider teachers’ comprehension of CBM graphs in 
future research, and to examine the role of comprehension on data use in the presence 
of technological aids. In such research, the relative contribution of various factors 
on teachers’ CBM graph comprehension and on teachers’ use of the data should be 
examined as well.
implications for Practice
Comprehending CBM progress graphs
Probably the most obvious implication from the research presented in this dissertation 
is that one cannot take as self-evident that teachers will comprehend or understand 
CBM progress graphs. This implication is especially vital in the sense of sharing data 
from CBM graphs with others. That is, CBM graphs can be used to foster communication 
about student progress and the effectiveness of instruction, and teachers are often 
expected to describe the graphs to parents in parent meetings or to colleagues or 
other professionals in team meetings (Deno, 2013). Yet if teachers have difficulties with 
comprehending the CBM graphs, sharing the data with others will be problematic. 
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Thus, if teachers are expected to describe CBM graphs to others to communicate about 
student progress and instructional effectiveness (and to make instructional decisions 
based on the data), they must comprehend the graphs and should be equipped to 
inspect the graphs, and to read, interpret, and link the data to instruction. 
A second implication is that instruction in CBM graph comprehension provided via 
25-45 min CBM instructional videos can improve teachers’ CBM graph comprehension. 
The idea that CBM instruction can be provided via videos is interestingly and valuable 
because videos can easily be incorporated into online CBM progress-monitoring 
systems or, as mentioned earlier, can be offered as stand-alone online courses to reach 
a large number of teachers in an efficient way. however, it may be necessary to revise 
or enhance the CBM instructional videos to be more effective. Not all aspects of CBM 
graph comprehension improved, or improved as much as desired, in the intervention 
study. Teachers may need more instruction on how to make data-to-data comparisons 
than was provided in the videos. 
In addition, given the importance of sharing CBM data with others (Deno, 2013), 
teachers might benefit from supplementary instruction on how to effectively 
communicate CBM data. For example, teachers might be provided with the ideal 
sequence (i.e., the sequence in which the data are used for CBM instructional decision-
making), and be instructed to inspect and describe the data in this sequence. When 
providing such instruction, it would be helpful to point to or highlight the elements that 
are explained. Providing teachers with examples of good descriptions of CBM graphs 
while teaching teachers how to communicate CBM data might also be worthwhile. 
Comprehending Cito progress graphs
In the Netherlands, CBM is not (yet) in widespread use. here, many elementary schools 
implement a progress-monitoring system in which nationally-normed standardized 
tests (Cito toetsen) are used to collect student data. Students are typically tested once 
or twice a year, and individual as well as class-wide data are provided to teachers in the 
form of tables and graphs.
The results of the research presented in this dissertation fit well with the results 
of studies on teachers’ interpretation of data from the various types of Cito score 
reports (Ledoux, Blok, Boogaard, & Krüger, 2009; Meijer, Ledoux, & Eslhof, 2011; van 
der Kleij & Eggen, 2013), that suggest that teachers have difficulty interpreting these 
data. For example, van der Kleij and Eggen (2013) administered a questionnaire with 
closed-answer items to teachers, lead teachers, and principals that measures their 
interpretation ability of individual and class-wide Cito score reports. Results revealed 
that teachers only answered 62% of the items correctly, which was below the standard 
of 85% that was set by experts as the minimum expected score. Moreover it was found 







that, from the three participant groups, teachers had the lowest scores, indicating that 
they struggled the most with interpreting the reports.
In addition, the results of the intervention study presented in this dissertation fit 
well with the results of a study on the effects of professional development on school 
staff’s attitudes, knowledge, and skills for data-based decision-making (Staman et al., 
2014), that demonstrates that training in data-based decision-making using Cito data 
resulted in improved data interpretation scores for teachers. That is, at posttest teachers 
answered a higher percentage of multiple-choice items about interpreting various 
types of Cito score reports correctly than at pretest; however, despite this substantial 
growth in teachers’ interpretation ability there was still room for improvement.
One aspect of teachers’ comprehension of Cito data, and in particular of their 
comprehension of Cito progress graphs of individual students, that has not yet been 
addressed is the aspect of linking the data to instruction. Given the results of the 
research presented in this dissertation one might hypothesize that linking Cito data 
to instruction would be difficult for teachers and requires training. Currently, we are 
conducting a small study to examine how teachers’ read, interpret, and link data from 
Cito progress graphs to instruction.
Implementing CBM in the Netherlands?
Since the enactment of the law Passend Onderwijs in 2014, teachers are confronted 
with more and more students with learning and/or behavioral difficulties in their 
general classrooms, and teachers are supposed to meet the educational needs of these 
students and to provide them with tailor-made education (Nationaal Regieorgaan 
Onderwijsonderzoek, 2014). As illustrated by the case study of Mr. Kees and Sander 
(see Chapter 2), CBM could be used – alongside a current progress-monitoring system 
such as the Cito system – to closely monitor the academic progress of, and evaluate the 
instruction for, students with learning difficulties, with the purpose of addressing the 
student’s educational needs by providing tailor-made education. 
The use of CBM to monitor and evaluate student progress to make data-based 
instructional decisions would be in line with the governments’ call for elementary schools 
to adopt a data-based instructional approach to improve student achievement (referred 
to as Opbrengstgericht werken; Ministerie van Onderwijs, Cultuur en Wetenschap, 
2007, 2011). however, to make Passend Onderwijs and the adoption of a data-based 
instructional approach successful, school personnel would need to be provided with 
resources (i.e., the knowledge, skills, expertise, and time) to collect, interpret, and use 
data for instructional decision-making. As illustrated by the case study of Mr. Kees and 
Sander (see Chapter 2), the school psychologist (“orthopedagoog” in Dutch) and the lead 
teacher (“intern begeleider” in Dutch) can play an essential role in the implementation 
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of a data-based instructional approach (see Deno, 1986, for more information on this 
role of the school psychologist).
Conclusion
In conclusion, the results of the studies presented in this dissertation revealed that 
teachers experience difficulties with inspecting CBM progress graphs, and with reading, 
interpreting, and linking CBM data to instruction, but that teachers’ comprehension 
of CBM graphs can be improved via relatively short CBM instructional videos. Future 
studies should examine whether teachers’ CBM graph comprehension is related to, and 
whether the three CBM instructional approaches affect, teachers’ actual implementation 













Voortgang van leerlingen visualiseren: Het begrip van leraren van curriculum-
based measurement voortgangsgrafieken
Dit proefschrift gaat over het begrip van leraren van voortgangsgrafieken uit een 
specifiek type leerlingvolgsysteem, namelijk curriculum-based measurement (CBM). In 
het Nederlands wordt CBM “continue voortgangsmonitoring” (CVM) genoemd. CBM is 
een voortgangsmonitoringsysteem dat ontworpen is voor leraren om de voortgang 
van leerlingen met leerproblemen te volgen en om de effectiviteit van de instructie 
voor die leerlingen te evalueren (Deno, 1985, 2003). 
Bij CBM worden op regelmatige basis (1 á 2 keer per week) korte taken (1-3 
minuten) afgenomen bij leerlingen. De scores op deze taken worden weergegeven in 
individuele voortgangsgrafieken. Leraren bekijken deze grafieken om de voortgang 
van de leerlingen en de effectiviteit van de instructie voor deze leerlingen te evalueren. 
hierbij vergelijken ze de groeilijn van de leerling met een vooraf opgestelde doellijn. De 
doellijn geeft de verwachte groei weer. het eindpunt van de doellijn is het vewachte 
doel. Uit onderzoek blijkt dat als leraren CBM gebruiken om de voortgang van leerlingen 
te monitoren én op basis van de data de instructie aanpassen of het verwachte doel 
verhogen, dat leerlingen vooruit gaan (zie Stecker, Fuchs, & Fuchs, 2005, voor een 
review). Uit onderzoek blijkt helaas ook dat leraren vaak niet handelen op basis van de 
data; ze verzamelen de data, maar ze gebruiken de data niet om instructiebeslissingen 
te nemen (Stecker et al., 2005). De prestaties van leerlingen verbeteren echter alleen 
wanneer leraren de data gebruiken om instructiebeslissingen te nemen (Stecker et al., 
2005).
Een mogelijke reden voor het weinig/niet gebruiken van de data om 
instructiebeslissingen te nemen door leraren zou kunnen zijn dat leraren moeite 
hebben met het aflezen en interpreteren van CBM-voortgangsgrafieken. het zou 
bijvoorbeeld zo kunnen zijn dat leraren niet uit de grafiek op kunnen maken dat de 
leerling onvoldoende vooruitgang laat zien en zich daardoor niet realiseren dat de 
instructie aangepast moet worden.
Dit proefschrift is gericht op het vermogen van leraren om CBM-voortgangsgrafieken 
af te lezen en te interpreteren, oftewel te begrijpen. De studies die gepresenteerd zijn 
in dit proefschrift, zijn gebaseerd op twee vroege, exploratieve studies naar het begrip 
van leraren van CBM-voortgangsgrafieken (Espin, Wayman, Deno, McMaster, & de 
Rooij, 2017; Wagner, hammerschmidt-Snidarich, Espin, Seifert, & McMaster, 2017). De 
resultaten van deze eerste studies wezen uit dat zowel leraren (Espin et al., 2017) als 




grafieken, dat het aantal jaren ervaring met het gebruik van CBM niet gerelateerd was 
aan het begrip van CBM-grafieken (Espin et al., 2017) en dat leraren in opleiding CBM-
grafieken minder goed begrepen dan CBM-experts (Wagner et al., 2017).
Deze twee eerste studies waren beperkt: De steekproeven waren redelijk klein, de 
studies waren voornamelijk gericht op het meest elementaire niveau van grafiekbegrip 
(het aflezen van de data) en het begrip van CBM-grafieken van leraren werd niet 
vergeleken met dat van CBM-experts. Bovendien lieten deze studies niet zien of 
problemen met het begrijpen van CBM-grafieken uniek waren voor leraren – dat wil 
zeggen, of de problemen te wijten waren aan het feit dat leraren niet goed zijn in het 
begrijpen van CBM-grafieken – of dat CBM-grafieken gewoon lastig te begrijpen zijn – 
dat wil zeggen, dat andere groepen CBM-grafieken ook minder goed zouden begrijpen 
dan CBM-experts.
het onderzoek dat gepresenteerd is in dit proefschrift was een replicatie en 
uitbereiding van de twee eerdere studies van Espin et al. (2017) en Wagner et al. (2017). 
het onderzoek had twee specifieke doelen. het eerste doel was onze kennis over het 
begrip van CBM-grafieken van leraren te verdiepen en uit te breiden en het tweede 
doel was te bestuderen hoe het begrip van leraren van CBM-grafieken verbeterd kan 
worden. Om het eerste doel te bereiken, hebben we de methoden “hardop denken” en 
“eye tracking” gebruikt om te onderzoeken hoe leraren de CBM-grafieken beschreven 
(Hoofdstuk 3) en bekeken (Hoofdstuk 4). Om het tweede doel te bereiken, hebben we 
een interventiestudie uitgevoerd om de effectiviteit van drie instructiebenaderingen 
voor het verbeteren van het begrip van CBM-grafieken van leraren met elkaar te 
vergelijken (Hoofdstuk 5). In de volgende paragrafen worden de belangrijkste 
bevindingen van de in hoofdstuk 3, 4, en 5 beschreven studies samengevat.
Het begrip van Leraren van CbM-voortgangsgrafieken
Om onze kennis over het begrip van leraren van CBM-grafieken verder te verdiepen 
en uit te breiden, gebruikten we de methoden “hardop denken” en “eye tracking”. 
Drieëntwintig leraren werden gevraagd om CBM-voortgangsgrafieken te beschrijven 
en “hardop te denken” terwijl ze dit deden. Terwijl de leraren de grafieken beschreven, 
werden hun oogbewegingen geregistreerd. Met behulp van de hardop denkmethode 
onderzochten we de vaardigheden van leraren om CBM-data af te lezen, te interpreteren 
en aan instructie te koppelen. Met behulp van de eye-tracking methode onderzochten 
we de kijkpatronen van leraren. We onderzochten hoe lang leraren naar de verschillende 
elementen van de CBM-grafieken keken en of ze die elementen in een logische volgorde 
bekeken. Daarnaast hebben we data verzameld van “gouden-standaard” experts, 
namelijk experts op het gebied van het begrip van algemene grafieken, Cito-grafieken 
en CBM-grafieken. De data van deze experts vormden een referentiekader voor het 
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interpreteren van de data van de leraren en gaven inzicht in de vraag of problemen met 
het begrijpen van CBM-grafieken uniek waren voor leraren.
Resultaten met betrekking tot de hardop denkmethode zijn gerapporteerd in 
hoofdstuk 3. hiernaar wordt gerefereerd als de hardop denkstudie. Resultaten met 
betrekking tot de eye-tracking methode zijn gerapporteerd in hoofdstuk 4. hiernaar 
wordt gerefereerd als de eye-tracking studie. De belangrijkste bevindingen van de 
hardop denkstudie en de eye-tracking studie waren dat: (1) leraren moeite hadden 
met het begrijpen van CBM-voortgangsgrafieken; dit bleek zowel uit hoe leraren de 
grafieken beschreven als uit hoe zij de grafieken bekeken, (2) problemen met het 
begrijpen van CBM-grafieken niet uniek waren voor leraren, en (3) problemen met 
het begrijpen van CBM-grafieken van leraren zich niet beperkten tot fictieve, door 
onderzoekers gemaakte grafieken.
Leraren hadden moeite met het begrijpen van CBM-grafieken
De hardop denkstudie liet zien dat leraren niet zo goed waren in het beschrijven van 
CBM-voortgangsgrafieken als CBM-experts. Als een groep gezien waren leraren minder 
volledig en minder coherent in hun beschrijvingen, ze vergeleken de data van een 
instructiefase minder vaak met data van een andere instructiefase of met de doellijn/
het doel en koppelden de data minder vaak aan instructie dan de CBM-experts. Er was 
echter wel variatie tussen leraren. Sommige leraren hadden meer problemen met het 
aflezen, interpreteren of koppelen van CBM-data aan instructie dan andere leraren.
hoewel de leraren over het algemeen slechter presteerden dan de CBM-experts, 
bleken sommige aspecten van het begrijpen van CBM-grafieken lastiger voor de leraren 
dan andere aspecten. De meeste leraren waren bijvoorbeeld redelijk bekwaam in het 
aflezen van de data, maar bijna alle leraren hadden moeite met het interpreteren van 
de data en koppelen van de data aan instructie. Ze maakten weinig vergelijkingen 
tussen data van verschillende instructiefases of tussen de data en de doellijn/het doel 
en weinig koppelingen tussen de data en instructie. Sommige leraren hebben dit soort 
vergelijkingen en koppelingen zelfs helemaal niet gemaakt; van de 23 leraren maakten 
drie leraren geen data-naar-data-vergelijkingen, maakten vier leraren geen data-naar-
doel vergelijkingen en maakten 12 leraren geen data-naar-instructie koppelingen.
De problemen van leraren met het aflezen, interpreteren en koppelen van CBM-
data aan instructie kwamen ook tot uiting in de manier waarop leraren de grafieken 
bekeken. Vergelijkbaar met resultaten van de hardop denkstudie, lieten de resultaten 
van de eye-tracking studie zien dat leraren CBM-grafieken op een andere manier 
bekeken dan de CBM-expert. Als groep gezien besteedden de leraren minder 
visuele aandacht aan de meest relevante aspecten van CBM-grafieken (de data in de 
instructiefasen) en meer visuele aandacht aan de minst relevante aspecten van CBM-
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grafieken (de onjuiste keuzes) dan de CBM-expert. Bovendien hebben leraren de 
grafiekelementen in een minder logische volgorde bekeken dan de CBM-expert en 
keken ze minder vaak heen en weer tussen opeenvolgende instructiefasen dan de CBM-
expert. Wederom was er sprake van variabiliteit tussen de leraren. De kijkpatronen van 
leraren met goede grafiekbeschrijvingen leken meer op die van de CBM-expert dan de 
kijkpatronen van leraren met minder goede grafiekbeschrijvingen. Leraren met goede 
grafiekbeschrijvingen hebben meer visuele aandacht besteed aan de meest relevante 
aspecten van CBM-grafieken en hebben de grafiekelementen in een logischere volgorde 
bekeken dan leraren met minder goede grafiekbeschrijvingen.
Kort samengevat suggereerden de resultaten van de hardop denkstudie en de eye-
tracking studie dat leraren moeite hebben met het begrijpen van CBM-grafieken. De 
vraag rijst echter of deze problemen uniek waren voor leraren.
Problemen met het begrijpen van CBM-grafieken waren niet uniek voor leraren
In de hardop denkstudie zijn niet alleen data van CBM-experts verzameld, maar ook van 
deskundigen op het gebied van het aflezen van algemene grafieken en Cito-grafieken. 
het vergelijken van de data van de leraren met de data van deze deskundigen wees uit 
dat problemen met het begrijpen van CBM-grafieken niet uniek waren voor leraren. 
De scores van de algemene grafiek-experts en van de Cito-grafiek experts waren ook 
lager dan de scores van de CBM-experts. Bovendien waren de scores van leraren voor 
vijf specifieke aspecten van het begrip van CBM-grafieken (accuratesse, volledigheid, 
sequentiële coherentie, data-naar-doel vergelijkingen en data-naar-instructie 
koppelingen) vergelijkbaar met, of hoger dan, de scores van de algemene grafiek-
experts, en voor twee specifieke aspecten (sequentiële coherentie en data-naar-doel 
vergelijkingen) vergelijkbaar met, of hoger dan, de scores van de Cito-grafiek-experts.
Problemen met het begrijpen van CBM-grafieken van leraren beperkten zich niet tot 
fictieve, door onderzoekers gemaakte grafieken
het zou kunnen dat de problemen van leraren met het begrijpen van CBM-grafieken 
deels te wijten waren aan het feit dat zij door onderzoekers gemaakte CBM-grafieken 
met fictieve data van fictieve leerlingen te zien kregen, die niet direct relevant waren 
voor hen. We verwachtten dat leraren bij het beschrijven van CBM-grafieken van hun 
eigen leerlingen sneller geneigd zouden zijn om data-naar-doel vergelijkingen en 
data-naar-instructie koppelingen te maken dan bij fictieve grafieken, omdat ze gebruik 
kunnen maken van hun achtergrondkennis over de leerlingen en de instructie van de 
leerlingen. Deze verwachting werd echter niet ondersteund door onze resultaten. Ook 
voor de CBM-grafieken van hun eigen leerlingen maakten leraren weinig data-naar-
doel vergelijkingen en weinig data-naar-instructie koppelingen. Vooral data-naar-
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instructie koppelingen werden zelden gemaakt. Slechts zes (van de 23) leraren hebben 
minimaal één zo’n koppeling gemaakt voor de leerlinggrafieken. Deze bevindingen 
zijn zorgwekkend, omdat juist zulke vergelijkingen en koppelingen belangrijk zijn bij 
het nemen van instructiebeslissingen op basis van data. Van leraren wordt namelijk 
verwacht dat zij de voortgang van de leerling vergelijken met het doel/de doellijn en als 
zij zien dat de groei van de leerling minder is dan verwacht, moeten zij de data koppelen 
aan instructie door te concluderen dat de instructie ontoereikend is geweest en dus 
aangepast dient te worden. Alleen op die manier leidt het gebruik van CBM namelijk tot 
verbeteringen in de prestaties van leerlingen (Stecker et al., 2005).
Samengevat, toonden de resultaten van de hardop denkstudie en de eye-tracking 
studie aan dat leraren moeite hadden met het bekijken van CBM-voortgangsgrafieken 
en met het aflezen, interpreteren en koppelen van de data aan instructie. De resultaten 
lieten verder zien dat dergelijke problemen niet uniek waren voor leraren. het begrijpen 
van CBM-grafieken vereist specifieke, gerichte training of instructie. Aangezien de 
problemen van leraren voornamelijk te maken hadden met het interpreteren en 
koppelen van CBM-data aan instructie, lijkt training op deze gebieden bijzonder nodig.
Het Verbeteren van het begrip van de Leraren van CbM-voortgangsgrafieken
Om het tweede doel van het onderzoek in dit proefschrift te bereiken – namelijk het 
onderzoeken van instructiebenaderingen voor het verbeteren van het begrip van de 
leraren van CBM-grafieken –, voerden we een interventiestudie uit. In deze studie werden 
164 leraren willekeurig toegewezen aan één van de drie CBM-instructiebenaderingen 
(de BASIS-benadering, de INTERPRETATIE-benadering en de INTERPRETATIE + 
KOPPELING-benadering) of aan een controlegroep. De drie instructiebenaderingen 
verschilden van elkaar in de mate waarin ze nadruk legden op het aflezen van de data 
(reading the data), het interpreteren van de data (reading between the data) en het 
koppelen van de data aan instructie (reading beyond the data). CBM-instructie werd 
gegeven via instructievideo’s die speciaal voor deze studie ontwikkeld zijn.
Door middel van de interventiestudie onderzochten we de effecten van de 
drie CBM-instructiebenaderingen op het begrip van CBM-grafieken van leraren. 
We onderzochten hoe leraren de CBM-data aflezen, interpreteren en koppelen aan 
instructie. Voortbouwend op de eerdere studies (Espin et al., 2017; van den Bosch et 
al., 2017; Wagner et al., 2017), werd het begrip van leraren gemeten via een taak die 
lijkt op de hardop denktaak. In deze interventiestudie werden leraren echter gevraagd 
de CBM-grafiek te beschrijven alsof ze deze aan de ouder van de leerling beschreven. 
Leraren hebben twee CBM-grafieken beschreven (één voorafgaand aan en één na de 
interventie) en werden gevraagd de CBM-instructievideo’s en CBM te beoordelen.
De resultaten van de interventiestudie zijn gerapporteerd in hoofdstuk 5. De 
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belangrijkste bevindingen van deze studie waren dat: (1) het begrip van CBM-grafieken 
van leraren, en in het bijzonder hun vaardigheden om data te interpreteren en te 
koppelen aan instructie, beter werd na CBM-instructie, (2) de aanvullende, interactieve 
instructie en oefening in de tweede en derde instructiebenadering leidden tot een 
grotere verbetering in het interpreteren van de data (maar niet in het koppelen van de 
data aan instructie) dan de BASIS-benadering, en (3) leraren de CBM-instructievideo’s 
en CBM positief beoordeelden.
Het begrip van CBM-grafieken van leraren werd beter na CBM-instructie 
Resultaten van de interventiestudie toonden aan dat de leraren in de drie 
instructiegroepen meer verbetering in hun begrip van CBM-grafieken lieten zien dan 
leraren in de controlegroep. Deze bevinding is misschien niet zo verrassend, omdat 
men zou verwachten (en hopen) dat CBM-instructie zou leiden tot een verbeterd begrip 
van CBM-grafieken. Desondanks is het belangrijk om te verifiëren dat dit begrip van 
leraren verbeterd kan worden door middel van instructie. Wat wellicht opvallender is, 
is dat het begrip van leraren verbeterd is na een instructievideo van 25-45 minuten. Dit 
impliceert namelijk dat het begrip van leraren van CBM-grafieken in relatief weinig tijd 
en in een digitale context verbeterd kan worden.
Een interessante en belangrijke bevinding was dat de voornaamste verbeteringen 
te zien waren in de vaardigheden van leraren om CBM-data te interpreteren en de data 
te koppelen aan instructie. Dit waren namelijk de aspecten van het begrip van CBM-
grafieken die in de hardop denkstudie het lastigst bleken te zijn voor leraren. Er dient 
echter opgemerkt te worden dat voor de interpretatie van de data alleen verbeteringen 
werden gevonden voor het aantal data-naar-doel vergelijkingen (en niet voor het aantal 
data-tot-data vergelijkingen) dat leraren maakten.
De aanvullende, interactieve instructie en oefening hebben geleid tot een grotere 
verbetering in het interpreteren van de data
hoewel het positief was dat de CBM-instructie tot een verbeterd begrip van CBM-
grafieken van leraren leidde, en met name tot een toename in het aantal data-naar-doel 
vergelijkingen en data-naar-instructie koppelingen, was onze primaire focus de vraag 
of er verschillen in effecten tussen de drie CBM-instructiebenaderingen zouden worden 
gevonden.
Zoals eerder vermeld, verschilde elke instructiebenadering in de mate waarin het 
aflezen van de data, het interpreteren van de data en het koppelen van de data aan 
instructie werden benadrukt. In de BASIS-conditie kregen leraren informatie over hoe 
zij CBM-data moeten interpreteren en koppelen aan instructie en daarbij kregen zij 
voorbeelden te zien. In de INTERPRETATIE-conditie en de INTERPRETATIE + KOPPELING-
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conditie kregen leraren dezelfde informatie als in de BASIS-conditie én aanvullende, 
interactieve instructie en oefeningen met betrekking tot alleen het interpreteren of 
zowel het interpreteren als koppelen van CBM-data aan instructie. We verwachtten dat 
aanvullende, interactieve instructie en oefening tot een grotere verbetering zouden 
leiden dan alleen uitleg en modelling (voordoen). Er werden echter alleen effecten 
gevonden voor het aspect interpreteren van de data en alleen voor data-naar-doel 
vergelijkingen. Dat wil zeggen dat leraren in zowel de INTERPRETATIE-conditie als de 
INTERPRETATIE + KOPPELING-conditie een grotere toename in het aantal data-naar-
doel vergelijkingen lieten zien dan leraren in de BASIS-conditie. De INTERPRETATIE-
instructiebenadering en INTERPRETATIE + KOPPELING instructiebenadering leidden 
dus tot grotere verbeteringen voor één aspect van het begrip van leraren van CBM-
grafieken (namelijk het vergelijken van de voortgang van de leerling met het doel/de 
doellijn) dan de BASIC-instructiebenadering.
Leraren beoordeelden de CBM-instructievideo’s en CBM positief
Leraren beoordeelden de CBM-instructievideo’s positief. Gemiddeld gezien gaven zij de 
videos’ een 8. Uit de beoordelingen van leraren over de specifieke kenmerken van de 
video’s bleek dat leraren de video’s duidelijk, interessant, nuttig en informatief vonden. 
De gemiddelde beoordelingen voor de drie CBM-instructievideo’s waren vergelijkbaar, 
wat betekent dat de drie video’s even positief beoordeeld werden door de leraren. 
De leraren waren niet alleen positief over de CBM-instructievideo’s, maar ook over 
CBM zelf. Uit de beoordelingen van leraren over de specifieke kenmerken van CBM 
bleek het volgende: Na het het bekijken van de video’s vonden leraren dat zij begrepen 
wat CBM was, dat ze de grafieken konden interpreteren en dat ze voldoende getraind 
waren om CBM in hun klas te gebruiken. Ook vonden ze dat CBM nuttig zou zijn voor 
nemen van instructiebeslissingen en zouden ze CBM in hun klas willen gebruiken voor 
individuele leerlingen met leesproblemen.
Conclusie
Concluderend laten de resultaten van de studies die gepresenteerd zijn in dit proefschrift 
zien dat leraren moeite hebben met het bekijken van CBM-voortgangsgrafieken en 
met het aflezen, interpreteren en koppelen van CBM-data aan instructie, maar dat het 
begrip van leraren van CBM-grafieken verbeterd kan worden met behulp van relatief 
korte CBM-instructievideo’s. 
De belangrijkste beperking van gepresenteerde studies is dat de relatie tussen het 
begrip van leraren van CBM-grafieken en het daadwerkelijke gebruik van CBM door 
leraren niet is onderzocht. hoewel verondersteld kan worden dat begrip van CBM-
grafieken bijdraagt aan beter gebruik van CBM – vooral als het gaat om het gebruik 
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van de data voor het nemen van instructiebeslissingen – en dat beter gebruik leidt tot 
verbeterde leerlingprestaties, moeten dergelijke relaties direct worden getest.
Ondanks het feit dat deze relaties niet getest zijn in de drie in dit proefschrift 
gepresenteerde studies, bieden deze studies een basis voor toekomstig onderzoek 
en ontwikkeling. De hardop denkmethode en de eye-tracking methode die voor dit 
onderzoek zijn ontwikkeld, kunnen in toekomstige studies worden gebruikt om het 
begrip van CBM-grafieken van leraren te bestuderen en om de invloed daarvan op het 
daadwerkelijke gebruik van CBM en CBM-data te bestuderen. De CBM-instructievideo’s 
kunnen gebruikt worden voor verdere verkenning van de effecten van CBM-instructie 
op het begrip van CBM-grafieken en vooral ook op het gebruik van CBM en het gebruik 
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